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Abstract
Not being proficient in a school’s predominant language of instruction can represent a language barrier for students’ human capital development. In Guatemala, 24 languages are
spoken apart from Spanish, which is the language of instruction in the majority of schools,
and about 40 percent of the total population has a non-Spanish language as a mother tongue.
National standardized tests show that non-Spanish mother tongue (non-SMT) students are
outperformed by SMT students in elementary and secondary schools.
My thesis analyzes whether non-SMT students face a language barrier and traces its
source. Two main findings emerge. First, non-SMT students are not yet proficient in Spanish while at school. I find evidence of this language barrier in elementary and secondary
schools through a model of latent variables, local instrumental variables, and first diﬀerenceinstrumental variables. Second, I find that other parents’ mother tongue influences what
school a parent will choose for their child. I analyze parents’ enrollment decisions for schools
through the lens of a model of demand as is common in the industrial organization literature.
The model also features spillover eﬀects as seen in the literature for residential sorting or
social interactions.

Keywords: Language, Education, Guatemala, Human capital.
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Summary for Lay Audience
Not being proficient in a school’s predominant language of instruction can represent a language barrier for students’ human capital development. In Guatemala, 24 languages are
spoken apart from Spanish, which is the language of instruction in the majority of schools,
and about 40 percent of the total population has a non-Spanish language as a mother tongue.
National standardized tests show that non-Spanish mother tongue (non-SMT) students are
outperformed by SMT students in elementary and secondary schools.
My thesis analyzes whether non-SMT students face a language barrier and traces its
source. Two main findings emerge. First, non-SMT students are not yet proficient in Spanish
while at school. Second, I find that other parents’ mother tongue influences what school a
parent will choose for their child.
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Chapter 1
Introduction
Not being proficient in a schools’ predominant language of instruction can represent a language barrier for students’ human capital development. Furthermore, if demographic characteristics aﬀect the language learning process, and these characteristics are not taken into
account in the education process, then the existence of such a language barrier can hinder
not only a student’s human capital accumulation, but also an ethnic group’s long term development. In 2009, the World Bank reported that Guatemala has one of the highest inequality
rates and the worst poverty in rural and indigenous areas in Latin American countries.
Knowing whether students face a language barrier at school is relevant for Guatemala
due to its multilingual society. In Guatemala, 24 languages are spoken besides Spanish, and
about 40 percent of the total population has a non-Spanish language as a mother tongue.
The educational attainment distribution in Guatemala shows that the Spanish mother tongue
(SMT) population has more education than non-SMT people. Non-SMT females have the
worst educational outcomes. About 70 percent of the indigenous population attends school
only until third grade. Given the consequences of growing up poor, the Guatemalan government committed to increase the level and quality of education of the population, particularly
for indigenous people. However, non-SMT students’ performance on national tests remains
poor. In this context, my thesis investigates whether students who do not speak the predominant language as a mother tongue face an obstacle, or language barrier, in acquiring
skills while at school in Guatemala since Spanish is the language of instruction after the
third grade. Specifically, my thesis identifies the existence and source of the language barrier
facing non-SMT students.
The second chapter of my thesis is co-authored with Salvador Navarro. We analyze third
grade students’ performance on national tests, since non-SMT students are persistently outperformed by SMT students. On average, non-SMT students’ math and reading test scores
are 0.42 and 0.54 standard deviations lower, respectively, than SMT students’ test scores.
This chapter analyzes the third grade students’ educational achievement by estimating a
1

model of latent variables that feed into education production functions. We take advantage
of a unique dataset that includes questions to measure non-SMT students’ Spanish comprehension and eﬀort. The results show that non-SMT students are not yet proficient in
Spanish. Non-SMT students’ lack of Spanish comprehension can explain the entirety of the
observed test score gaps between non-SMT and SMT students.
The third grade students’ lack of Spanish comprehension raises the question of whether
non-SMT students in secondary schools are not yet proficient in Spanish, since their achievement on national tests is still poor. On average, non-SMT secondary students’ math and
reading test scores are 0.4 and 0.6 standard deviations lower, respectively, than SMT students’ test scores. In the third chapter, I analyze how students’ linguistic sorting across
schools aﬀects non-SMT students’ Spanish comprehension and their non-Spanish language
use, and therefore their educational achievement. To explain test score gaps between nonSMT and SMT students, I employ a representative and longitudinal dataset of sixth grade
students in 2010. To account for the endogeneity of students’ Spanish comprehension, I use
diﬀerent estimation approaches such as two stage least squares, first diﬀerences, and local instrumental variables. The results show that, first, students’ linguistic sorting across schools
is a prominent factor for non-SMT students’ Spanish comprehension. Second, non-SMT
students are not yet proficient in Spanish by the time they attend secondary school. Last,
students’ Spanish comprehension explains all of the math test score gap between non-SMT
and SMT students.
Given the finding that linguistic segregation across schools is partially to blame for nonSMT students’ lack of Spanish comprehension, in the last chapter, I analyze parents’ enrollment decisions for their children. This chapter identifies how school attributes, children’s
non-Spanish language use, and spatial segregation of groups determine parents’ school choice,
and hence shape students’ linguistic sorting across schools. I estimate a model of demand for
junior high schools in Guatemala in which parents consider schools as diﬀerentiated products. In particular, I allow for the degree of diﬀerentiation across schools to depend on
characteristics of other parents who select the school in equilibrium. The results show that
non-SMT parents value schools in which their child is likely to speak and learn Spanish.
However, non-SMT parents also prefer to sort their child into schools where other parents
have a similar mother tongue. This latter preference dominates the former as we move away
from the Guatemalan capital city, which leads to both spatial and linguistic segregation at
school.
My thesis makes two main contributions to the Guatemalan literature. First, there is
no consensus on factors that drive test scores gaps between non-SMT and SMT students
in the current Guatemalan literature. My findings suggest that Spanish comprehension is
an important factor explaining test score gaps between non-SMT and SMT students at elementary and secondary school. Second, parents’ linguistic preferences are shaping linguistic
composition at school, which is a determinant factor of Spanish comprehension. In the next
three chapters, I explain each of these findings.
2

Chapter 2
Are non-Spanish mother tongue students
in third grade facing a language barrier
in the Guatemalan education system?
2.1

Introduction

In 2009, the World Bank reported that Guatemala has one of the highest inequality rates
in Latin American countries, and the worst poverty in rural and indigenous areas. In
Guatemala, indigenous people account for 40 percent of the total population.1 Roughly
70 percent of the indigenous population attended school only until third grade. The root
of such an ethnic inequality may be the result of an educational exclusion of indigenous
population that existed before the Guatemalan civil war and that was amplified by war
(Chamarbagwala and Morán, 2011).
As part of the Guatemalan civil war peace agreement in 1996, the Guatemalan government committed to increase the level and quality of education of the population, particularly
the indigenous population. One particular challenge for the indigenous population is language, since the indigenous population speaks a variety of indigenous languages, and the
formal education in Guatemala is mainly conducted in Spanish. To increase the educational attainment of the non-Spanish mother tongue (non-SMT) indigenous population, the
Guatemalan government institutionalized a bilingual program in schools.2 The program
aims to gradually increase non-SMT students’ Spanish comprehension and also to provide
educational instruction, lectures and books, in the students’ mother tongue during the first
1

The indigenous classification represents people’s self-classification into this category, which may or may
not depend on their mother tongue.
2
In Guatemala 24 languages are spoken besides Spanish.

3

six years of education. In practice, however, the program is available only in the first three
elementary grades, which implies that from the fourth grade on, the language of instruction
is Spanish in the majority of schools (Toledo and Guantá, 2009). The expectation, therefore,
is that by the fourth grade non-SMT students should have a good understanding of Spanish.
Table 2.1 shows both math and reading test scores for third grade students by academic
year. Since students are not frequently asked their mother tongue, we also classify them by
their self-identification as indigenous, which is highly correlated with mother tongue. Test
scores are standardized to have a mean of zero and standard deviation of one. The numbers
clearly reveal significant test score gaps that have been persistent over time. In 2006, nonSMT students score 0.33 standard deviations below the mean, while SMT students are above
the mean by 0.095 standard deviations. In 2014, on average, non-SMT students in third
grade are still scoring 0.31 standard deviations below the mean and outperformed by SMT
students. Similarly, reading test score gaps indicate that SMT students outperform non-SMT
students. On average, non-SMT students score -0.422 and -0.39 standard deviations below
the mean for 2006 and 2014 respectively. Test score gaps by students’ self-identification as
indigenous indicate these gaps have been increasing over time.
The quality of education in Guatemala has emerged as an important research topic due to
non-SMT students’ poor performance at school, even when the Guatemalan government has
produced positive outcomes in increasing the level of education of the non-SMT population
(Rubio, 2004; Enge and Chesterfield, 1996). A number of papers have previously studied
the educational achievement of students whose mother tongue is not Spanish in Guatemala.
On the one hand, Marshall (2011) and Marshall and Sorto (2012) find that speaking a
Mayan language at home does not statistically aﬀect rural third grade students’ performance
on national tests. On the other hand, Meade (2011) indicates that having a non-Spanish
language as a mother tongue reduces third grade students’ achievement on math national
tests by 0.191 standard deviations, equivalent to an unexplained math test score gap of
53 percent. Marshall (2009) finds that rural third grade students in 2001 who speak a
non-Spanish language are outperformed by -0.14 standard deviations by their counterparts.
McEwan and Trowbridge (2007) find that being a non-SMT student negatively aﬀect test
scores by 0.13 standard deviations, equivalent to an unexplained math test score gap of 24
percent. Furthermore, the authors argue that diﬀerences in school quality as measured by
school fixed eﬀects can account for 69 percent of math test score gaps for third grade students
in 2001. Hernandez-Zavala et al. (2006) find that 45 percent of the math gap between nonSMT and SMT students remains unexplained after accounting for diﬀerences in household
or school inputs.
In this chapter, we investigate whether these gaps are a consequence of students facing
a language barrier, i.e., whether the negative eﬀect of being a non-SMT student on test
scores may be the result of a low level of Spanish comprehension. The analysis relies on a
cross-section of data in 2006 for third grade students. The econometric approach consists of
estimating students’ latent variables (Spanish comprehension, eﬀort and other unobserved
4

traits) that feed into education production functions. Since we allow for the distribution of
these latent variables to be diﬀerent for non-SMT students, we can investigate whether the
non-SMT gap is mediated by the level of Spanish comprehension of students. We also control
for other variables commonly used in the Guatemalan literature like student and parental
characteristics. The dataset does not include questions about school characteristics, but it
still allows us to include school fixed eﬀects to control for such omitted variables. Then,
following McEwan and Trowbridge (2007), we decompose test score gaps into three portions
that represent the eﬀect of being a non-SMT student, the eﬀect of Spanish comprehension,
and the eﬀect of exerting eﬀort. As opposed to other findings in the Guatemalan literature,
by including latent Spanish comprehension in the model, we are able to identify that students
whose mother tongue is not Spanish are not yet proficient in Spanish, and that non-SMT
students’ lack of Spanish comprehension can entirely explain the math and reading test score
gaps.
This chapter proceeds as follows. In the next section, we provide an overview of the
Guatemalan educational system and some relevant evidence of non-SMT students’ poor performance at school. In Sections 2.3 and 2.4, we describe the data and the model respectively.
We then discuss the results, which include the production function estimates, the test score
gap decomposition, and the determinants of Spanish comprehension, and eﬀort. Last, we
conclude.

2.2

A brief review of the Guatemalan educational system
and some relevant evidence of non-SMT students’
poor performance at school

The educational system in Guatemala consists of 3 stages: elementary, junior high, and high
school. The elementary stage consists of 6 grades and usually starts in the year the child turns
7, as the school year begins in January. In this first stage, schools teach basic knowledge
of math, history, science, and Spanish grammar, among other courses. The second stage
consists of three grades starting at the age of 13 and provides a deeper understanding of the
same courses. The high school stage, also consisting of three grades, is diﬀerent than the
previous stages in the sense that students may choose from a variety of specialized programs
in addition to the core courses mandated by the Ministry of Education. For example, the
most popular program, Bachillerato, includes only the core courses.3 A diﬀerent program is
Perito, which in addition to the core courses, provides students with vocational courses such
as mechanics. It is geared to students who may not continue on to college. At any stage,
students have to score above 60% in all subjects in order to progress onto the next grade.
3

This program consists of two grades.
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The educational attainment distribution and population in Guatemala can be divided
in two main groups of people, people who have Spanish as a mother tongue and those
whose mother tongue is one of the more than 20 indigenous languages spoken in Guatemala.
Table 2.2 shows the educational attainment of these two groups. As the numbers reveal,
the educational attainment of non-SMT speakers is substantially lower than their SMT
counterparts regardless of gender. The table reveals that around 71.1 and 85.7 percent of
the non-SMT male and female population, respectively, has less than or equal to 3 years of
education.
While the origin of these gaps is subject to debate, the Guatemalan civil war arose in part
as a consequence of the perception of the disparate treatment of the indigenous Guatemalan
population, e.g., excluding the indigenous population from the educational system by not
providing schooling assistance programs in their mother tongue (Toledo and Guantá, 2009).
The Guatemalan civil war lasted for 36 years, with the final peace agreement being signed
in 1996. The war itself contributed to a further widening of these gaps. As documented by
Chamarbagwala and Morán (2011), Mayan females saw their educational attainment reduced
from 3% (before the worst period of the war), to 12% (during the worst period of the war),
to 30% (after the worst period of the war) with respect to a 3.83 years of schooling baseline.
For Mayan males, the reduction was 0.12%, 0.47% and 1.17% years of schooling relative to
a baseline of 4.66 years of schooling.
Following the Guatemalan civil war peace agreement, the Guatemalan government began
a transformation of the Guatemalan educational system. The stated goals that the Ministry
of Education wants to achieve are: to improve the quality of schools, to reduce gender gaps
in education, and to ensure schools can teach eﬀectively in a multicultural society. This last
goal was to be met by the introduction of a bilingual program designed to provide non-SMT
students with instruction, lectures and books, in their own mother tongue. The introduction of the program was backed up by the positive outcomes of an experimental bilingual
education project implemented in 40 schools between 1980 and 1984.4 Enge and Chesterfield (1996) argue that the experimental bilingual education project had a positive eﬀect
in reducing grade retention and drop-out rates, and also an improvement on standardized
test scores for non-SMT students. A key feature of the bilingual program is the introduction of a curriculum designed to allow for non-SMT students’ smooth transition from their
mother tongue to the language of instruction at school: Spanish. Using this curriculum, the
transition is supposed to be achieved during the first six years of education. In practice,
however, the program is targeted only toward the first three elementary grades, which implies that from the fourth grade on, the language of instruction is Spanish at school (Toledo
and Guantá, 2009). Furthermore, Patrinos and Velez (2009) estimate that the government
saved about $5 million due to the bilingual program (e.g., less grade retention), enough to
cover the education of 100,000 students in Guatemala.
4

In addition to the bilingual program, other programs or school types have been implemented. For
instance, multigrade schools were created to provide education to highly isolated communities. In these
schools students of diﬀerent ages/levels are grouped together to take classes.
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With the establishment of the Millennium Development Goals (MDG) program, Guatemala’s
government instituted the requirement of an internationally known system for measuring student performance (Fortín, 2013; Anderson, 2001). In line with the MDG program, in 2005,
the Guatemalan government established a law that mandates the Ministry of Education to
test all students in math and reading at the end of their high school studies, with the objective of monitoring the quality of education. The Ministry of Education occasionally tests
first, third and sixth grade students in elementary schools as well.
National standardized tests shows that non-SMT students are consistently performing
poorly at school. Table 2.1 shows math and reading test scores for third grade students
for the 2006-2014 academic years. Test scores are separately shown by students’ mother
tongue and by self-identification as indigenous, since third grade students are not frequently
asked their mother tongue by the Ministry of Education. As evidenced from Table 2.1, nonSMT students are outperformed by their counterparts regardless of the subject and students’
classification, i.e., mother tongue or indigenous.
The current Guatemalan educational literature is scarce and findings about the determinants of test score gaps are mixed. On the one hand, some studies find that commonly
observed household background variables have the largest impact when explaining test score
gaps between non-SMT and SMT students. Hernandez-Zavala et al. (2006) analyze student
performance at school for Mexico, Peru and Guatemala. By estimating education production functions and using the Oaxaca-Blinder methodology, the authors decompose observed
test score gaps between students who grew up or not speaking an indigenous language at
home. The authors find that about 33 and 22 percent of the observed math gap is the
result of diﬀerences in household background and in observable school attributes, respectively. Furthermore, the authors argue that the 45 percent of the math gap is unexplained.
Meade (2011) analyzes the sources of disparities in Guatemalan primary schools for first,
third and sixth grades in the 2006-07 school year. The author finds, first, that students’
self-identification as indigenous does not statistically explain third grade student achievement on national tests after controlling for students’ mother tongue. Second, that having a
non-Spanish language as a mother tongue reduces third grade student achievement on math
national tests by 0.191 standard deviations, equivalent to an unexplained math test score
gap of 53 percent. Furthermore, the author shows that school quality as measured by school
types does not explain student achievement in math test scores.5
On the other hand, other researchers suggest that school quality or community characteristics contribute more to explain test score gaps. McEwan and Trowbridge (2007) analyze
the educational achievement of rural third grade students in 2001. Their estimates imply
that students who speak a Mayan language at home underperform on national tests by 0.13
and 0.30 standard deviations for math and reading respectively, even after controlling for
5

School types in Meade (2011) stand for diﬀerent educational programs that the Ministry of Education
has implemented to ensure schools can teach eﬀectively in a multicultural society and to expand the school
coverage across Guatemala. The bilingual educational program is one of these school types.
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school fixed eﬀects. Decomposing test score gaps between these two groups of students by
diﬀerences in school quality and family variables, the authors find that diﬀerences in school
quality can account for 69 and 65 percent of math and reading test score gaps, respectively.6
Diﬀerences in family background between these two groups of students explain 8 and 6 percent of math and reading test score gaps, respectively. The unexplained test score gap (the
dummy variable for whether students speak a Mayan language at home) accounts for 24 and
29 percent for math and reading respectively. Marshall (2009) estimates an achievement
production function using data for rural third grade students in 2001. The author finds
that characteristics of the community where students reside, as measured by departmental
dummy variables, are partly responsible for the observed test score gaps between students
who do and do not speak a Mayan language. The author also finds that students who speak a
non-Spanish language are outperformed in math by -0.14 standard deviations by their counterparts.7 However, the author finds that rural students attending schools with indigenous
teachers perform better at math tests.
Marshall (2011) study school quality and attendance for Guatemalan rural students in
2001. The author finds that speaking a Mayan language at home does not statistically
aﬀect third grade students’ educational achievement on national tests.8 However, the author
finds that if students who speak a Mayan language at home are matched with teachers who
teach speaking a Mayan language, these students are less likely to fail a grade or dropout.
This finding suggests that school quality as measured by teachers’ ability to instruct in
students’ mother tongue plays an important role for non-SMT students’ grade progression.
Last, Marshall and Sorto (2012) study the eﬀects of teacher mathematics knowledge and
pedagogy on Guatemalan rural students in 2001. The authors also find that third grade
rural students’ achievement on math test scores is not statistically influenced by speaking
a Mayan language at home. However, the influential factor for student’s achievement is
teachers’ mathematics knowledge for teaching.
As the Guatemalan literature shows, non-SMT students are in a disadvantaged position
either by poor family or school conditions. Researches have provided economic interpretations for non-SMT students poor performance at school. However, the lack of consensus
about the main determinants for test score gaps suggests that unobserved heterogeneity is an
important concern. An omitted variable in the Guatemalan literature is students’ Spanish
comprehension. Then, not only estimates may be biased by not controlling for Spanish comprehension, but also current findings may be misleading the Ministry of Education’ policies
to improve the non-SMT students’ educational development. Facing a learning barrier at
school may aﬀect not only non-SMT students’ school performance, but also influence poverty
in the long run.
6
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This negative eﬀect is not statistically significant in this paper.
8
In Marshall (2011), Mayan languages stand for Q’eqchi or Kaqchikel.
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2.3

Data

The empirical analysis relies on data from the Ministry of Education in 2006. The Ministry
of Education monitors the quality of education by testing students’ math and reading skills
through national standardized tests. These tests are mainly targeted to high school students,
but elementary students are also tested in some years. National tests are completely designed
by Ministry of Education’s staﬀ and marked based on Item Response Theory (Rasch correction), which involves grading not only by the number of correct answers, but also by the
degree of diﬃculty of each question. By the time students take the national tests, students
also self-report their home, parents and own characteristics. The student survey is also
designed by Ministry of Education’s staﬀ. The 2006 dataset is a representative sample of
students attending public schools. The sample consists of 656 schools and includes 20,965
students. From this dataset, 35 and 22 percent of students self-reported being indigenous
and having a non-Spanish language as a mother tongue respectively.
The 2006 dataset is advantageous for studying the eﬀects of Spanish comprehension
on students’ human capital accumulation because this dataset includes data about nonSMT students’ self-evaluation regarding Spanish acquisition. Later datasets for third grade
students do not contain this information. Furthermore, the dataset includes questions that
can be considered as directly related to students’ eﬀort when studying such as whether
students do their homework without any help. As explained in Section 2.4, we use these
measures as indicators of the latent variables Spanish comprehension and eﬀort.
Table 2.3 shows the variables we use to infer the the latent variable for Spanish comprehension (✓c,i ). The first column displays the variable names, and the second and third
columns indicate the proportion of non-SMT and SMT students who reported this characteristic, respectively. The last column shows the gap between these two groups of students. To
infer the latent variable of Spanish comprehension, we use students’ responses to the question
of whether they already think in Spanish when speaking, writing, and subtracting numbers.
We also include whether students speak Spanish with their siblings, with at least one parent,
and during school recess. For instance, while 80.2% of non-SMT students reported Spanish
thinking when calculating mathematical operations, 90.8% of SMT students reported Spanish thinking. Similar gaps hold for Spanish thinking when writing and speaking Spanish.
An equivalent pattern is found in the context of Spanish language use. Non-SMT students
do not speak Spanish as intensively as SMT students.
Students also reported whether they speak a non-Spanish language with their siblings,
parents, and peers. As evidenced from the table, around 76% of non-SMT students reported
speaking a non-Spanish language with their siblings and parents, while less than 6.4% of
SMT students reported non-Spanish language use with their family members: siblings or
parents. The last column shows the gap for non-Spanish language use between the groups.
On average, there is a 72.3, 78.3 and 27.2 percentage-point diﬀerence between non-SMT and
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SMT students use of a non-Spanish language with family members, at least one parent, and
at school recess. As expected, non-SMT students are speaking a non-Spanish language much
more frequently than SMT students.
Table 2.4 displays the variables used to infer the latent variable of students’ eﬀort, ✓e,i .
Students’ eﬀort is inferred from three variables: hours of study at home, no help at home
when doing homework, and always do homework. The first pattern is that non-SMT students
devote less time to study. Around 75.9% of non-SMT students study less than one hour as
opposed to 68.2% of SMT students. In terms of receiving help at home to do their homework,
non-SMT students are 3.6 percentage-points more likely to receive help than SMT students.
There is no statistical diﬀerence between groups regarding to whether they always do their
homework.
Table 2.5 shows statistics about the main variables that are commonly used in empirical
studies for Guatemala, and which we also include in our analysis. As mentioned in Section
2.2, non-SMT students are outperformed by SMT students by 0.428 and 0.543 standard
deviations in national math and reading tests respectively. Non-SMT students show a lower
enrollment rate in pre-elementary education (or pre-school) of 1.4 percentage-points. NonSMT students are more likely to speak an indigenous language with teachers and to attend a
school that follows the bilingual program curriculum. Non-SMT students are also less likely
to self-report having SMT parents. In terms of parents’ educational attainment, non-SMT
parents show a lower educational attainment, especially for non-SMT mothers. About 28.7%
of non-SMT students have fathers with a higher educational attainment than elementary
school as opposed to 43.9% percent of SMT students.9 In the case of mothers, 21.1 and 38.6
% of students have mothers with a higher educational attainment than elementary school
for non-SMT and SMT students, respectively. Although, there exists statistical diﬀerence in
parents’ educational attainment between these two groups, empirical evidence for Guatemala
suggests that school inputs or being a non-SMT student could be important in explaining
test score gaps between non-SMT and SMT students, rather than family inputs such as
parental education.

2.4

The model

In what follows we specify a simple education production function that depends both on
observable characteristics of the student, the family, and the school; and also on various
latent unobservable traits and decisions made by the student. Let yi⇤ be the (potentially
latent) knowledge of a subject possessed by student, i. Let Wi denote the vector of all
individual, family, and school inputs and characteristics that determine the individual’s
knowledge. The knowledge production function, fy , is thus given by:
9
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yi⇤ = fy (Wi ) .

(2.1)

In general, no dataset contains all variables contained in Wi required to estimate this
production function under such a general specification. In particular, an element of Wi is
whether the student is a non-SMT speaker. At this level of generality, it is not possible
to distinguish between the possible mechanisms behind the eﬀect that being a non-SMT
student has on knowledge production. Therefore, some assumptions are needed. We begin
by separating Wi into inputs and characteristics observed by the econometrician, and those
that are not directly observed. We let Xi stand for student and family observable inputs for
student i, while the vector, Xs , represents observable inputs from school s that the student
i attends.
As discussed in Section 2.3, one key advantage of the dataset we use is that it includes
measures that we can use to infer some of the unobservable variables in Wi . In particular, we model the unobserved inputs using a correlated factor model as follows. First, the
education literature emphasizes that knowledge acquired by students at school is, in large
part, determined by their eﬀort, ✓e,i (e.g., Stinebrickner Ralph and Stinebrickner Todd R.
(2008)). Student eﬀort is the result of an optimization problem in which students decide
on input intensity based on their prior knowledge of the subject. Therefore, student eﬀort
encapsulates all the inputs, current and lagged, that the student uses when choosing eﬀort.
Second, given our particular interest in studying the possibility of a language barrier being
present, we also separately consider the student’s Spanish comprehension, ✓c,i , as part of the
unobservable variables in Wi . Third, to control for other inputs that may not be fully accounted for in eﬀort or Spanish comprehension, we also control for the remaining unobserved
traits of student i by ✓ut,i , which may include what we generically call “ability”. Under these
assumptions, we can rewrite the knowledge production function, fy , as:

yi⇤ = fy (Xi , Xs , ✓e,i , ✓c,i , ✓ut,i ) .

(2.2)

Our factor model for the unobserved inputs or latent variables works as follows. In the
d
following discussion, we let d 2 {e, c} index the unobserved input of interest. Let Mi,j
,
d
th
j = 1, . . . , J , be a j noisy measure of the latent variable ✓d,i . The measures we observe
are categorical variables, so we model their relation to the latent variable of interest as an
ordered discrete choice factor model. Let Ldj be the number of categories included in measure
j for latent variable ✓d,i . For each of these measures we define constants (cutoﬀs) dj,`
such that dj,` 1 < dj,` , dj,0 = 1 and dj,Lj = 1, and write:
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Ldj
`=1

d
if Mi,j
= ` ) dj,`

1

<

d
0,j

+ ✓d,i

d
1,j

+ ✏di,j < dj,` .

(2.3)

In this model, ✓d,i is the factor; d1,j is called the “loading” and measures the strength of
d
the relation between the measure Mi,j
and the factor ✓d,i ; and ✏di,j , called the “uniqueness”,
captures other elements such as measurement errors. We impose the following assumptions.
First, we assume that ✓d,i ?? ✏di,j j=1 and ✏di,j ?? ✏di,j 0 for j, j 0 2 1, . . . , J d , j 6= j 0 . Second,
we assume that

✓d,i ⇠ N Q⇣0i,t d , ⌘✓2d ,
✏di,j ⇠ N 0, ✏2d ,

(2.4)

j

where Qi,t depends on student, parental and school characteristics.10 Third, we assume
that ✓i = (✓e,i , ✓c,i , ✓ut,i ) are jointly normal with variance covariance matrix given by ⌃✓ .
Under these assumptions, identification of all the elements of the factor model just described follows from the analysis in Carneiro et al. (2003), Cunha et al. (2010) and Fruehwirth
et al. (2016). In fact the identification results in these papers are established under weaker
conditions. In particular, the normality assumption in equation 2.4 is not needed. The advantage of observing multiple measures, so that we can recover the distribution of each ✓d,i , is
that we can allow Qi,t to include an indicator for whether the student is a non-SMT speaker.
In other words, it allows us to establish the extent to which non-SMT students exert more
or less eﬀort than their SMT counterparts; and, more importantly for our purposes, whether
Spanish comprehension diﬀers by mother tongue.
An additional concern arises from the fact that the test scores observed by the econometrician are unlikely to perfectly measure the student knowledge, yi⇤ . As a consequence,
we impose the common assumption that the student’s observed test score, yig , is a noisy
measure of yig,⇤ such that yig = yig,⇤ + ✏gi , for g 2 {math, reading}. We further assume that
the knowledge production function is linear in parameters so that

yig = ↵0 + ✓e,i ↵e,g + ✓c,i ↵c,g + ✓ut,i ↵ut,g + Xi0 ↵x,g + ✏gi .

(2.5)

Notice that we control for other unobserved traits for student i with the factor ✓ut,i , which
may include ability. We also account for school specific inputs, Xs , by having school fixed
10

Specifically, we control for school fixed eﬀects.
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eﬀects in the means of our latent variables. Therefore, we assume that ✏gi ?? (✓i , Xi , ✏i,j ), that
✓i ?? Xi for all j 2 1, . . . , J d , and that ✏math
?? ✏reading
. The parameter ↵ut,g measures
i
i
g
the strength of the relation between the measure yi and the factor ✓ut,i , and ✏gi captures
other elements such as measurement errors. Our specification in equation 2.5 contains, as
part of Xi , an indicator for whether the student is a non-SMT speaker, which concurrently
with equation 2.4 allows us to establish how much of the eﬀect of being a non-SMT student
is a direct eﬀect as measured by ↵x,g (and that the current Guatemalan literature cannot
explain, see Section 2.2), and how much arises from diﬀerences in ✓i .
To determine what is driving educational achievement gaps between non-SMT and SMT
students, we use a simple decomposition that separates educational achievement into diﬀerences in mother tongue, Spanish comprehension and eﬀort as follows:

E (yig | N onSM T )

E (yig | SM T ) = ↵d,g [E (✓d,i | N onSM T )

E (✓d,i | SM T )] (. 2.6)

We use this decomposition to compare the eﬀect of being a non-SMT student on test score
gaps in this chapter with the findings in the current Guatemalan literature. To calculate
the expected value of each latent variable in equation 2.6, we use the estimates of the factor
models to predict the most likely values of the latent variables given the data we observed.
Specifically, we employ Bayes rule to predict the latent variables distribution conditional on
the data, and then use this distribution to predict the latent variables expected values.

2.5

Results

Our results indicate that Spanish comprehension and eﬀort play a key role in third grade
students’ performance on national tests. First, we look at the eﬀects of non-Spanish mother
tongue, Spanish comprehension, and eﬀort on students’ performance on the tests. Then,
we present how diﬀerences in mother tongue, Spanish comprehension, and eﬀort between
non-SMT and SMT students contribute to the observed test score gaps. Last, we discuss the
determinants of Spanish comprehension, and eﬀort, i.e., estimates from the factor model.

2.5.1

The eﬀects of Spanish comprehension and eﬀort on educational achievement

In this section we discuss how Spanish comprehension and eﬀort influence students’ performance on math and reading tests. Given our particular interest in studying the possibility
13

of a language barrier being present, in the estimation of the production functions we control
for student Spanish comprehension, but also for variables that the international educational
literature has shown as influential: eﬀort and other unobserved traits such as ability. Furthermore, we also control for whether students are non-SMT speakers, as is common in the
Guatemalan literature. Controlling for being a non-SMT student both in the production
function and in the latent variable of Spanish comprehension allows us to observe whether
the unexplained eﬀect of being a non-SMT student on the production function is the result of
the omitted variable of students’ lack of Spanish comprehension in the current Guatemalan
literature.
We structure the discussion that follows by two main streams in the current Guatemalan
literature. First, we compare the findings in this chapter against those findings in McEwan
and Trowbridge (2007) and Hernandez-Zavala et al. (2006). These papers find evidence that
either family or school inputs are important drivers of performance at school. Tables 2.6
and 2.7 show results for math and reading, respectively, in this context. Then, our results
are comparable to those results in Meade (2011), Marshall (2009), and Marshall (2011), in
the sense that we look for evidence of whether non-SMT students better learn a subject
by speaking their mother tongue with their teachers. Tables 2.8 and 2.9 show math and
reading results, respectively, in this context. With the exception of Marshall (2011), the
above mentioned papers find evidence of poor performance at school by mother tongue. To
make the discussion of this section clearer, we first discuss with some detail the math results.
Then, we just highlight main diﬀerences for reading results.
All tables for the production functions share the same structure, and all models control
for the same variables, except for those stated in the tables. These tables are divided in
three main rows. The upper row of the table shows the estimates of variables commonly
used in the Guatemalan literature such as being a non-SMT student. The middle row
displays the estimates associated with the latent variables: Spanish comprehension, eﬀort
and other unobserved traits; while the bottom row displays whether models include other
controls besides those presented in the first and second main rows. Columns in the tables
are also divided in two main groups. In the first group, from second to the sixth column, we
estimate models by ordinary least squares (OLS) to make a better comparison to the findings
in Meade (2011), Marshall (2011), Marshall (2009), McEwan and Trowbridge (2007), and
Hernandez-Zavala et al. (2006). In the second group, the last column, we show the estimates
from the correlated factor model.
In short, three main findings emerge in this section. First, we find that students’ Spanish comprehension and eﬀort are the most important determinants of performance on the
tests. In terms of the estimated magnitudes, the most influential attribute on test scores is
student eﬀort. The impacts of Spanish comprehension and eﬀort on test scores are positive,
significant and robust to other unobserved traits that students may have. Second, non-SMT
students learn a subject better if they are matched with teachers who can speak the students’
mother tongue. Third, our results indicate that the unexplained and direct eﬀect of being
14

a non-SMT student on math and reading test scores decreases when we control for Spanish
comprehension in models estimated by OLS, but this negative eﬀect is still significant in
some model specifications. However, this negative eﬀect is always insignificant when the
production functions are jointly estimated with the correlated factor model.
We begin by comparing our results with those papers that find evidence that either
family or school inputs are important drivers of performance at school: the first stream
in the current Guatemalan literature. First, recall that in Section 2.2 we discuss that the
current Guatemalan literature has analyzed elementary students’ educational performance.
This literature finds that from 24 to 53 percent of the math gap is left unexplained after
accounting for household characteristics and school inputs.
Table 2.6 displays the results for math. In columns 2-6 we show models estimated by OLS.
All models control for students’ pre-elementary education (or pre-school), parents’ mother
tongue and parents’ educational attainment (variables commonly used in the Guatemalan
literature).11 In the simple model specification, see OLS (1) in the second column, when
we control for only those variables commonly used in the Guatemalan literature, results
indicate that non-SMT students who reside in rural areas are outperformed by 0.37 standard
deviations by their counterparts: either SMT students or non-SMT students who reside in
urban areas. Furthermore, students who speak a non-Spanish language with their teachers
score 0.258 standard deviations lower than those students who speak only Spanish. In the
second model specification, OLS (2) in the table, we control for school fixed eﬀects. The main
diﬀerence relative to OLS (1) is that OLS (2) indicates that non-SMT students have 0.12
standard deviations lower scores than SMT students regardless where non-SMT students
reside. This finding is comparable to the findings in Marshall (2009) and McEwan and
Trowbridge (2007) where the authors find a negative eﬀect of -0.13 and -0.14 respectively.
In the OLS model specifications (3), (4), and (5) in Table 2.6, we look for evidence of
whether either eﬀort measures, Spanish comprehension measures or reading test scores (as
a proxy of students’ innate ability) can account for the negative eﬀect of being a non-SMT
student on test scores. First, the results from the model OLS (3) indicates that eﬀort is not
the driving force of non-SMT students’ poor performance at school. However, results in the
model OLS (4) provides preliminary evidence that non-SMT students are not yet proficient in
Spanish. After controlling for the Spanish comprehension measures, the negative direct eﬀect
of being a non-SMT student on the national test score is no longer significant; however, this
estimate is not robust to diﬀerent model specifications. Last, when controlling for reading
test scores as a proxy of students’ innate ability, the preliminary finding that the Spanish
11

Household’s educational attainment stands for the maximum educational attainment of either the mother
or the father. The variables students’ pre-elementary education (or pre-school), parents’ mother tongue and
educational attainment are dummy variables. Students’ pre-elementary education takes a value of one if
students attended pre-school. Parents’ mother tongue takes a value of one if parents are SMT speakers.
Household’s educational attainment takes a value of one if at least one parent completed elementary school
for instance.
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comprehension measures can account for the negative direct eﬀect of being a non-SMT
student on the national test score still holds.
The last column in Table 2.6 shows the result from the correlated factor model of latent
variables. Recall that we allow the means of all latent variables to depend on student,
family and school inputs, but the Table 2.6 displays only the controls that directly aﬀect
the production function, not the ones that aﬀect it indirectly through the the latent Spanish
comprehension, eﬀort and unobserved traits.12 Results from the correlated factor model
indicate that, first, Spanish comprehension and eﬀort have the expected positive signs and
are statistically significant. Second, similar to the OLS (5) model, the latent variable for
Spanish comprehension reduces the negative direct eﬀect of being a non-SMT student on
the production function, with an estimate of 0.023.
The second stream in the current Guatemalan literature looks for evidence of whether
non-SMT students better learn a subject by speaking their mother tongue with their teachers: Marshall (2009), and Marshall (2011). Specifically, we now also include variables in the
production function that control for whether non-SMT students speak their mother tongue
with teachers, and whether non-SMT students attend schools that follow the bilingual program curriculum. Our results are also comparable to the finding in Meade (2011) about the
negative eﬀect of being a non-SMT student on test scores when not controlling for Spanish
comprehension.
Table 2.8 shows the results for the math production function. The first model estimated
by OLS controls only for those variables commonly used in the Guatemalan literature. Results suggest that rural non-SMT students perform poorly at school. However, if non-SMT
students are able to attend schools where the teacher can speak a non-Spanish language,
non-SMT students better learn math. When controlling for school fixed eﬀects, see OLS (2)
in the table, the main diﬀerence is that non-SMT students, regardless of where they reside,
are outperformed by 0.177 standard deviations by their SMT counterparts. Still, non-SMT
students are better at learning when speaking their mother tongue with teachers or when
attending a school with the bilingual program.
In models OLS (3), (4) and (5), we control for the eﬀort measures, Spanish comprehension
measures, and reading test scores as a proxy of students’ innate ability, respectively. Three
main findings emerge. First, by controlling for eﬀort, the negative eﬀect of being a non-SMT
student on the math test score, see model OLS (3), does not change its magnitude and is
still significant. This finding still holds even when controlling for the Spanish comprehension
measures and reading test scores, see models OLS (4) and (5); however, the estimates in
these models for being a non-SMT student are smaller than the estimate in OLS (3). Second,
models OLS (4) and (5) also suggest that non-SMT students are better at learning math
when speaking their mother tongue with their teachers. Third, comparing the estimates
12

The identification of the reading factor loading for the latent variable of other unobserved traits requires
variables that only aﬀect the mean of the latent variable and not directly the production.
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for being a non-SMT student by OLS in Tables 2.6 and 2.8 (the two Guatemalan literature
streams), we observe that by controlling for Spanish comprehension measures, the direct
eﬀect of being a non-SMT student is at least reduced, but in some cases is still significant.
Finally, in last column of Table 2.8, we show the production function estimates of the correlated factor model. One main new finding emerges. The direct eﬀect of being a non-SMT
student on math test scores is not significant, and the estimate is positive. This finding
suggests that the negative relationship of being a non-SMT student and performance at
school from previous papers is the result of non-SMT students’ lack of Spanish comprehension. Diﬀerent from OLS estimates in Tables 2.6 and 2.8, the factor model estimates of the
direct eﬀect of being a non-SMT student are always statistically equal to zero, and robust
to diﬀerent model specifications.
Furthermore, results in Table 2.8 still indicate that eﬀort and Spanish comprehension
positively aﬀect students’ performance at school, and that student eﬀort is the most influential factor on math performance as reflected in the estimate magnitudes. The fact that
Spanish comprehension can account for the negative eﬀect of being a non-SMT student on
test scores is suggestive evidence of non-SMT students’ lack of Spanish comprehension. The
estimation of the correlated factor model allow us to look for a more direct evidence. We
discuss how much Spanish comprehension explains test score gaps in Section 2.5.2, and the
main drivers of Spanish comprehension in Section 2.5.3.
In the context of reading test scores, we just highlight main diﬀerences relative to the
math case. Table 2.7 displays the results for the reading production function under the first
stream of the Guatemalan literature. Results are similar to the math case. Estimates from
OLS models for being a non-SMT student are negative and significant if Spanish comprehension measures are not included as controls. However, this finding does not hold when we
jointly estimate the correlated factor model and the system of production functions (see last
column).
In the context of the second stream, Table 2.9 shows the estimates of the reading production function. In brief, the finding that the negative relationship between being a non-SMT
student and poor performance on national tests still holds when models are estimated by
OLS, even when controlling for Spanish comprehension measures. However, when the factor
model is estimated, such a negative relationship between being a non-SMT student and poor
performance on tests is not longer significant.
To conclude this section, results show that both Spanish comprehension and eﬀort play
an important role in learning math and reading at school for non-SMT students. Since the
bilingual education program at school only targets the first three grades in the Guatemalan
educational system, one would expect these third grade non-SMT students to be close to
proficient in Spanish. The findings, however, suggest that non-SMT students in third grade
are not yet proficient in Spanish, and that their educational development may be at risk.
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2.5.2

Decomposition of students’ math and reading test scores by
mother tongue, Spanish comprehension and eﬀort

In this section, we focus the discussion specifically on the model specification that allows
non-SMT students to better learn a subject by speaking their mother tongue with their
teachers. The discussion is structured as follows. First, we define our benchmark specification
by restating the findings in Guatemalan literature. Then, to compare the findings in this
chapter with the previous literature for Guatemalan students, we use equation 2.6 to show
how diﬀerences in mother tongue, Spanish comprehension, and eﬀort between non-SMT and
SMT students contribute to the observed test score gaps.
We use as a benchmark specification the findings in Meade (2011), Marshall (2009),
McEwan and Trowbridge (2007), and Hernandez-Zavala et al. (2006) which indicate that
the negative eﬀect of being a non-SMT student on school performance ranges from 24 to
53 percent of the math gap. Marshall (2009) and McEwan and Trowbridge (2007) label
this negative eﬀect as the unexplainable portion of the gap that cannot be accounted for
by diﬀerences in student, parental or school inputs. Furthermore, McEwan and Trowbridge
(2007) find that diﬀerences in school qualities explain 69 percent of math test score gaps.
Table 2.10 displays how diﬀerences in mother tongue, Spanish comprehension, and eﬀort
between non-SMT and SMT students contribute to the observed test score gaps. For each
test score, we show the results of three model specifications. The first two OLS models stand
for the OLS models (2) and (4) at Tables 2.8 and 2.9 for math and reading respectively. The
OLS model (2) is comparable to the current Guatemalan literature in the sense that we
control for student, parental and school characteristics.13 On top of the OLS model (2)
specification, in OLS model (4) we also control for the eﬀort and Spanish comprehension
measures observed in the dataset. The results of the factor model are in the last column.
In brief, non-SMT students are not yet proficient in Spanish. The unexplained eﬀect in
the current Guatemalan literature that students perform poorly at school due to their nonSpanish mother tongue decreases from 41.4 and 31.5 percent to 24.8 and 14.9 percent, for
math and reading, respectively, when we include eﬀort and Spanish comprehension measures
as controls in OLS models. The results from the factor model indicate that students’ math
and reading performance at school does not diﬀer by mother tongue once we account for
diﬀerences in Spanish comprehension and eﬀort.
The poor performance of non-SMT students in math is due to their lack of Spanish
comprehension. Table 2.10 displays this finding. First, the result for the OLS model (2)
indicates that having a diﬀerent language other than Spanish as mother tongue reduces
students performance on the national test by 0.177 standard deviations, which accounts for
41.4 percent of the observed total gap of 0.428. This negative eﬀect is in line with the current
13

Specifically, we control for school fixed eﬀects.
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Guatemalan literature. Second, when we estimate the OLS model with eﬀort and Spanish
comprehension measures as noisy measures for the true eﬀort and Spanish comprehension,
see OLS (4), important findings emerge. Spanish comprehension seems to play a key role in
acquiring knowledge for non-SMT students. Diﬀerences in Spanish comprehension between
students by mother tongue explain about 44.9 percent of the observed gap. The negative
eﬀect of being a non-SMT student drops by 16.6 percent, and the eﬀort measures only explain
1.6 percent of the gap.
Third, the joint estimation of the factor model and system of test scores allows us to
integrate out students’ Spanish comprehension, and thus find an unbiased estimate of Spanish
comprehension on test scores. As mentioned above, by controlling for noisy measures of eﬀort
and Spanish comprehension, the negative eﬀect of being a non-SMT student gets smaller in
absolute value. Therefore, it is expected that if we had the real Spanish comprehension of
students, this negative eﬀect would tend to zero or even to a positive eﬀect.
The results for the factor model in Table 2.8 indicates that, first, the direct eﬀect of
being a non-SMT student on test scores is no longer statistically diﬀerent than zero. In
other words, students’ performance at school does not diﬀer by mother tongue when we account for diﬀerences in Spanish comprehension and eﬀort. Second, non-SMT students’ poor
performance at school is due to their lack of Spanish comprehension. Diﬀerences in Spanish
comprehension by students’ mother tongue entirely explain the math test score gap. NonSMT students are outperformed by 0.532 standard deviations by their SMT counterparts.
Third, the factor model also indicates that non-SMT students exert more eﬀort than their
counterparts. In order to progress into higher grades the Ministry of Education mandates
students to score above 60 percent in all subjects. Therefore, if non-SMT students are not
able to learn as much as their native speaker counterparts by attending classes, it is most
likely that non-SMT students may utilize other resources to learn by themselves to oﬀset
the learning deficit as a result of their lack of Spanish comprehension. For instance, Fu and
Mehta (2018) indicate that students who have performed poorly at school are more likely to
receive help from their parents.
In the context of reading, we briefly discuss the results here, since the findings are quite
similar. First, the results from the OLS model (2), without controlling for eﬀort or Spanish
comprehension, indicate that students perform poorly at school because of their mother
tongue. They have test scores that are 31.5 percent lower relative to an SMT student.
However, when we control for eﬀort and Spanish comprehension measures, OLS model (4),
the test score reduction is only about 14.9 percent. In the case of the factor model, students’
performance at school does not diﬀer by mother tongue anymore.
The findings in this section reveal an educational challenge for non-SMT students in the
Guatemalan educational system, since the Ministry of Education requires students to score
above 60 percent in all subjects to progress into higher grades.14 We show that non-SMT
14

The national tests do not aﬀect students’ school progression.
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students are not yet proficient in Spanish, which aﬀects their performance at school and
puts at risk their educational development. Non-SMT students’ lack of Spanish proficiency
in third grade raises the question of whether non-SMT students’ poor performance at higher
grades is also the result of their lack of Spanish proficiency as well, a topic I discuss in
Chapter 3.

2.5.3

Determinants of Spanish comprehension and eﬀort

This section shows the estimates for students’ Spanish comprehension and eﬀort from model
2.3, and also other unobserved traits students may have from model 2.5. We assume that the
means of latent variables can be influenced by student, parental and school characteristics.
We include as student characteristics whether students are non-SMT speakers, live in a rural
area, and if they attended pre-elementary education. Among household characteristics,
we include whether parents have Spanish as a mother tongue, and parental educational
attainment.15 Last, we control for school fixed eﬀects to account for any school attributes
that can influence these latent variables.
Table 2.11 shows the estimates for students’ Spanish comprehension, eﬀort and other
unobserved traits. In short, this table shows that non-SMT students are not yet proficient in
Spanish. Third grade non-SMT students, on average, have a lower Spanish comprehension
than their SMT counterparts by 1.62 standard deviations.16 This lack of Spanish comprehension stands for 50.2 percent of the observed math gap, which amounts to a reduction of
0.215 standard deviations in math. However, if non-SMT students have at least one SMT
parent, their Spanish comprehension improves. In the context of eﬀort, the main driver of
student eﬀort is parental educational attainment. All the above mentioned estimates are
statistically diﬀerent than zero.
Now, we discuss the results of Table 2.11. This table is divided in three main blocks.
The upper block contains the factor loadings of the measurement system. The middle block
shows the estimates of latent variables (means). The bottom block displays the variancecovariance matrix of these latent variables. Columns in the table display the results for
Spanish comprehension, eﬀort and other unobserved traits, respectively.
The upper block of Table 2.11 indicates that the latent variables, ✓c,i , ✓e,i , and ✓ut,i are statistically significant to explain students’ self-reported measures for Spanish comprehension,
eﬀort, and test scores.17 See Tables 2.3 and 2.4 to recall the names of the factor loadings.
In the context of Spanish comprehension, first column, factor loadings ( . ) measure the
15

Parental educational attainment stands for the maximum educational attainment of either the mother
or the father.
0.631
16
1.618= 0.152
0.5
17
Recall from Section 2.4 that we employ test scores to identify the distribution of students’ unobserved
traits, see equation 2.5.
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strength between the unobserved Spanish comprehension, ✓c,i , and student’s self-reported
Spanish acquisition. For instance, the positive factor loading 4 suggests that the better
the Spanish comprehension of a student, the more like the student speaks Spanish at school
recess. As evident from column one, all measures related to Spanish thinking or speaking
have a positive relationship with students’ real level of Spanish comprehension. However, if
non-SMT students speak their mother tongue, the fifth, sixth and seventh factor loadings
suggest a low level of Spanish comprehension for non-SMT students.
In the context of eﬀort and relative to how many hours students study, the second column
in the table indicates that students that put high levels of eﬀort are less likely to report that
they receive help at home ( 1 ), and that they are more likely to report that they always do
their homework ( 2 ). In the third column, the factor loading for other unobserved traits is
displayed. This factor loading indicates that students who perform well at math tests also
perform well at reading tests.
The middle block shows the estimates of the means of the latent variables. We discuss
first the determinants of Spanish comprehension. An important finding emerges. The negative eﬀect of being a non-SMT student on test scores is the result of non-SMT students’
lack of Spanish comprehension. On average, non-SMT students have a lower Spanish comprehension equivalent to 1.62 standard deviations than SMT students. This lack of Spanish
comprehension reduces students’ math test scores by 0.215 standard deviations, which is
equivalent to 50.2 percent of the observed math test gap. However, non-SMT students’
Spanish comprehension is higher if they have at least one SMT parent at home. Parental
education and student pre-elementary education are not as important as having an SMT
parent at home to improve Spanish comprehension.
In the context of eﬀort, see the column for ✓e,i , estimates indicate parental education is
one of the main driving forces for student eﬀort. Students with a parent with an educational
attainment of 6 years (complete elementary education) exert 1.20 standard deviations more
eﬀort than students whose parents did not finish elementary education.18 This is in line
with the international literature in which parental educational attainment has a positive
impact on students’ performance at school via students’ eﬀort. For instance, Houtenville
and Conway (2008) find that parental education has a positive impact on how much parents
exert eﬀort to help their children at school. Fu and Mehta (2018) model parental eﬀort as
a direct input in an education production function. The authors find a positive relationship
between parental eﬀort and performance at school. We also find that student eﬀort, on the
other hand, is not influenced by their mother tongue or parental mother tongue.
For the last latent variable, students’ other unobserved traits ✓ut,i , the estimates indicate
that, students’ pre-elementary education, parents’ mother tongue or parents’ educational
attainment do not influence the unobserved traits. What the factor model results reveal
is that once we control for how students learn a subject, e.g., by understanding lectures,
18

0.242
1.195= 0.041
0.5
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exerting eﬀort or speaking their mother tongue with teachers, unobserved traits do not
depend on family or student background.
The bottom block of Table 2.11 shows the latent variables’ variance-covariance matrix.
There is a positive correlation (0.418) between students’ Spanish comprehension and eﬀort.19
After controlling for student, parental and school characteristics in the means of latent
variables, the correlation implies that if students understand lectures through their listening
skills, they are more likely to do their homework or studying at home without any help.
To summarize this section, researches have provided economic interpretations for nonSMT students poor performance at school. The Guatemalan literature indicates that having
a mother tongue diﬀerent than Spanish reduces students’ performance at school. Such a
negative relationship disappears when controlling for students’ Spanish comprehension in
the learning process of math and reading. Here, we show that the source of such a negative
relationship is specifically due to non-SMT students’ lack of Spanish comprehension.

2.6

Conclusion

Understanding the mechanisms that drive educational achievement at school in a multicultural country is a relevant question for policymakers. In Guatemala 24 languages are spoken
besides Spanish, and after third grade, the predominant language of instruction at school
is Spanish. Third grade non-SMT students have been outperformed on national math and
reading standardized tests by SMT students, and without any sign of improvement over
academic years. Understanding such a poor performance of non-SMT students has been
challenging. A number of papers argue that non-SMT students’ poor performance on national tests is the result of low quality schools where these students attend. However, other
papers indicate that this poor performance is due to a low parental education for instance.
This lack of consensus about the main driving forces of test score gaps between non-SMT and
SMT students suggests that previous papers have been plagued by omitted variable bias.
Finding out whether non-SMT students are not yet proficient in Spanish is crucial, since
facing educational challenges while at school put at risk the well-being of the Guatemalan
non-SMT population. This chapter contributes to the Guatemalan literature by looking
for evidence that non-SMT students are not yet proficient in Spanish, which aﬀects their
performance at school.
This chapter uses data for third grade students in 2006, since recent datasets for students
do not include questions to infer students’ Spanish proficiency and eﬀort. The jointly estimation of a correlated factor model and production functions allow us to estimate the eﬀect
of students’ Spanish comprehension and eﬀort on the students’ learning process of math and
19
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reading. Relative to SMT students, we find that non-SMT students have a lower level of
Spanish comprehension, which is aﬀecting their math and reading educational achievements
at school. Spanish comprehension can entirely account for the observed math and reading test score gaps between non-SMT and SMT students. This finding is robust to model
specifications.
In terms of policy recommendations, the findings in this chapter suggest that the Ministry
of Education should carefully and continuously monitor educational achievement in elementary schools as opposed to high school students. Growing up facing educational challenges
may be shaping the low educational attainment of the Guatemalan non-SMT population.
Early interventions to mitigate educational challenges such as the low Spanish language
comprehension of non-SMT students may have important eﬀects on their well-being in the
long-run.
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2.7

Tables

Table 2.1: Third grade students’ math and reading scores on standardized tests by academic year
and students’ mother tongue and ethnicity

2006
2007
2008
2010
2013
2014

Math test scores
Spanish Mother Tongue
No
Yes
Gap
Yes
-0.3331
0.0953
-0.428***
-0.1610
-0.2788
-0.2847
-0.2168
-0.3102
-0.3127
0.1717
-0.485***
-0.1999

Indigenous
No
0.0841
0.1621
0.1865
0.2332
0.2625
0.3160

Gap
-0.245***
-0.441***
-0.471***
-0.450***
-0.573***
-0.516***

2006
2007
2008
2010
2013
2014

Reading test scores
Spanish Mother Tongue
No
Yes
Gap
Yes
-0.422
0.121
-0.543***
-0.254
-0.428
-0.289
-0.247
-0.335
-0.390
0.214
-0.604***
-0.229

Indigenous
No
0.134
0.248
0.189
0.267
0.288
0.361

Gap
-0.388***
-0.676***
-0.478***
-0.514***
-0.623***
-0.590***

Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. These
students represent the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages,
or Xinka or Garífuna languages as a first language. The indigenous classification represents students’ self-report
of being indigenous, which may or may not depend on students’ mother tongue. The Ministry of Education in
Guatemala does not frequently ask students their mother tongue. Test scores have a mean of zero and standard
deviation of one at each academic year. Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Authors’ calculation using the Ministry of Education’s 2006-2014 data.

Table 2.2: Educational attainment distribution in Guatemala by gender and mother tongue

Years of
complete education
0
1-3
4-6
7-9
10-12
>12
Total

(a) Non-SMT

0.448
0.263
0.205
0.039
0.035
0.009
1

Male
(b) SMT

0.193
0.208
0.259
0.105
0.142
0.093
1

Gap (a-b)

0.255***
0.055***
0.054***
0.066***
0.106***
0.084***

(a) Non-SMT

0.698
0.159
0.103
0.018
0.018
0.004
1

Female
(b) SMT

0.272
0.202
0.229
0.084
0.145
0.066
1

Gap (a-b)

0.425***
0.043***
0.126***
0.067***
0.127***
0.062***

Note: SMT stands for people’s self-report of having Spanish as a first language. Non-SMT people speaks either one of the Mayan languages, or Xinka or Garífuna
languages as a first language. The educational system in Guatemala consists of 3 stages: elementary, junior high, and high school. The elementary stage, consists of
6 grades and usually starts in the year the child turns 7, as the school year begins in January. The second and third stages, junior high and high school, consists of
three grades. Attendance to college means having more than 12 years of complete education. Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Authors’ calculation using the 2002 Guatemalan national census.

26

2.7. TABLES

27
Table 2.3: Measures for students’ Spanish comprehension
(a) Non-SMT students

(b) SMT students

Gap (a-b)

Variables for constructing Spanish comprehension (✓c,i )
Spanish thinking when
Speaking ( 0 = 1)
0.770
Subtracting numbers ( 1 )
0.802
Writing ( 2 )
0.823

0.917
0.908
0.916

0.147***
0.106***
0.093***

Spanish language use with (at)
My siblings ( 3 )
School’s recess ( 4 )

0.266
0.643

0.903
0.900

0.637***
0.257***

Non-Spanish language use with (at)
My siblings ( 5 )
At least one parent ( 6 )
School’s recess ( 7 )

0.766
0.848
0.294

0.043
0.064
0.021

0.723***
0.783***
0.272***

Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. These students
represent the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages, or Xinka or
Garífuna languages as a first language. Each measure for Spanish comprehension is a binary variable, taking a value of one if
students report Spanish thinking when speaking for instance and zero otherwise. Therefore, numbers in this table represent
proportions. The symbols in parenthesis, i for i=1..7, are the associated factor loadings when estimating the latent variable
for Spanish comprehension. Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.

Table 2.4: Measures for students’ eﬀort
(a) Non-SMT studens
Variables for constructing eﬀort (✓e,i )
How many hours do you study? ( 0 = 1)
No
0.280
<1
0.479
> 1 and < 2
0.150
> 2 and < 3
0.031
>3
0.060
No help at home ( 1 )
0.638
Always do homework ( 2 )
0.793

(b) SMT students

0.248
0.434
0.186
0.049
0.083
0.674
0.791

Gap (a-b)

0.032***
0.045***
0.036***
0.017***
0.024***
0.036***
0.002

Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. These
students represent the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages,
or Xinka or Garífuna languages as a first language. In this table, each category of each measure for eﬀort is a binary
variable, taking a value of one if students report always doing homework for instance, and zero otherwise. Therefore,
numbers in this table represent proportions. The symbols in parenthesis, i , are the associated factor loadings when
estimating the eﬀort latent variable. Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.
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Table 2.5: Variables commonly use in empirical studies for Guatemala
Math test score
Reading test score
Pre-elementary education
Speak non-Spanish with teachers
Bilingual program at school
SMT mother
SMT father
Mother’s educational attainment
No
Elementary
Junior high school
High school
Collegue or higher
Father’s educational attainment
No
Elementary
Junior high school
High school
Collegue or higher

(a) Non-SMT students
0.333
0.422
0.691
0.448
0.170
0.202
0.250

(b) SMT students
0.095
0.121
0.706
0.179
0.032
0.853
0.867

Gap (a-b)
0.428***
0.543***
0.014*
0.269***
0.138***
0.651***
0.617***

0.497
0.292
0.130
0.042
0.039

0.338
0.275
0.194
0.070
0.122

0.158***
0.017**
0.064***
0.029***
0.083***

0.367
0.347
0.196
0.036
0.055

0.292
0.269
0.221
0.069
0.149

0.075***
0.078***
0.025***
0.033***
0.094***

Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. These students represent
the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages
as a first language. In this table, each category of each variable is a binary variable (except test scores), taking a value of one if
students self-report having attended pre-elementary education for instance, and zero otherwise. Therefore, numbers in this table
represent proportions. Test scores have a mean of zero and standard deviation of one. Significant levels: *** at 1%, ** at 5%, and
* at 10%.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.

Table 2.6: Estimates for math production functions
Student’s characteristics
Non-SMT student
Non-SMT * Rural area
Speak non-Spanish with teachers
Latent variables
Spanish comprehension E (✓c,i )
Eﬀort E (✓e,i )
Unobserved traits E (✓ut,i )
Controls
Student’s pre-elementary education
Parents’ mother tongue
Parents’ educational attainment
School fixed eﬀects
Eﬀort measures
Spanish comprehension measures
Reading test scores

OLS (1)

OLS (2)

OLS (3)

OLS (4)

OLS (5)

0.089
0.370***
0.258***

0.120***
0.054
0.181***

0.128***
0.044
0.165***

0.056
0.026
0.155***

0.048
0.016
0.099***

Factor model(⇤)
0.023
0.011
0.150***

0.355***
2.109***
1.000
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Note: The dependent variable is students’ math test scores. This variable has a mean of zero and standard deviation of one. Spanish mother tongue (SMT) stands for students’ self-report of having
Spanish as a first language. These students represent the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first
language. Standard errors are clustered at school level. Significant levels: *** at 1%, ** at 5%, and * at 10%.
(*) The factor model and the system of test scores are jointly estimated. The means of latent variables include school fixed eﬀects.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.
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Table 2.7: Estimates for reading production functions

Student’s characteristics
Non-SMT student
Non-SMT * Rural area
Speak non-Spanish with teachers
Latent variables
Spanish comprehension E (✓c,i )
Eﬀort E (✓e,i )
Unobserved traits E (✓ut,i )
Controls
Student’s pre-elementary education
Parents’ mother tongue
Parents’ educational attainment
School fixed eﬀects
Eﬀort measures
Spanish comprehension measures
Math test scores

OLS (1)

OLS (2)

OLS (3)

OLS (4)

OLS (5)

Factor model(⇤)

0.035
0.370***
0.289***

0.118***
0.030
0.195***

0.120***
0.015
0.179***

0.033
0.001
0.171***

0.040
0.029
0.104***

0.008
0.055
0.188***

0.382***
1.848***
0.879***
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Note: The dependent variable is students’ reading test scores. This variable has a mean of zero and standard deviation of one. Spanish mother tongue (SMT) stands for students’ self-report of
having Spanish as a first language. These students represent the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a
first language. Standard errors are clustered at school level. Significant levels: *** at 1%, ** at 5%, and * at 10%.
(*) The factor model and the system of test scores are jointly estimated. The means of latent variables include school fixed eﬀects.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.

Table 2.8: Estimates for math production functions when controlling for non-SMT students’ mother
tongue use with their teachers
Student’s characteristics
Non-SMT student
Non-SMT * Rural area
Speak non-Spanish with teachers
Non-SMT student * Speak non-Spanish with teachers
Non-SMT student * Bilingual program at school
Latent variables
Spanish comprehension E (✓c,i )
Eﬀort E (✓e,i )
Unobserved traits E (✓ut,i )
Controls
Student’s pre-elementary education
Parents’ mother tongue
Parents’ educational attainment
School fixed eﬀects
Eﬀort measures
Spanish comprehension measures
Reading test scores

OLS (1)

OLS (2)

OLS (3)

OLS (4)

OLS (5)

0.016
0.361***
0.347***
0.268***
0.163

0.177***
0.001
0.245***
0.206***
0.211*

0.179***
0.004
0.222***
0.186***
0.196*

0.106***
0.016
0.212***
0.186***
0.161

0.078*
0.005
0.135***
0.116**
0.003

Factor model(⇤)
0.040
0.016
0.200***
0.171*
0.133

0.341***
0.581***
1.000
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Note: The dependent variable is students’ math test scores. This variable has a mean of zero and standard deviation of one. Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language.
These students represent the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. Standard errors are clustered at school level.
Significant levels: *** at 1%, ** at 5%, and * at 10%.
(*) The factor model and the system of test scores are jointly estimated. The means of latent variables include school fixed eﬀects.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.
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Table 2.9: Estimates for reading production functions when controlling for non-SMT students’
mother tongue use with their teachers
Student’s characteristics
Non-SMT student
Non-SMT * Rural area
Speak non-Spanish with teachers
Non-SMT student * Speak non-Spanish with teachers
Non-SMT student * Bilingual program at school
Latent variables
Spanish comprehension E (✓c,i )
Eﬀort E (✓e,i )
Unobserved traits E (✓ut,i )
Controls
Student’s pre-elementary education
Parents’ mother tongue
Parents’ educational attainment
School fixed eﬀects
Eﬀort measures
Spanish comprehension measures
Math test scores

OLS (1)

OLS (2)

OLS (3)

OLS (4)

OLS (5)

0.045
0.370***
0.381***
0.277***
0.115

0.171***
0.008
0.253***
0.185***
0.135

0.167***
0.018
0.231***
0.165***
0.118

0.081*
0.028
0.225***
0.173***
0.087

0.068
0.002
0.135***
0.100**
0.123

Factor model(⇤)
0.051
0.095
0.269***
0.237***
0.143

0.333***
0.485***
0.842***
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Note: The dependent variable is students’ reading test scores. This variable has a mean of zero and standard deviation of one. Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first
language. These students represent the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. Standard errors are clustered at school
level. Significant levels: *** at 1%, ** at 5%, and * at 10%.
(*) The factor model and the system of test scores are jointly estimated. The means of latent variables include school fixed eﬀects.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.

Table 2.10: Contribution of students’ mother tongue, Spanish comprehension and eﬀort to the
observed math and reading test score gaps
Math test score gaps
OLS (2)

OLS (4)

0.177

0.106
0.192
0.007

Reading test score gaps

Factor model

(+)

OLS (2)

OLS (4)

0.171

0.081
0.208
0.008

Factor model(+)

Diﬀerences in
Non-SMT student
Spanish comprehension
Eﬀort
Observed test score gaps

-0.428

0.040
0.532
0.246

0.051
0.519
0.205

-0.543

Note: test scores have a mean of zero and standard deviation of one. The contributions to the gap use the most likely values of the latent variables given the data we observed. Spanish mother tongue
(SMT) stands for students’ self-report of having Spanish as a first language. These students represent the 77.7 percent of the sample size. Non-SMT students speak either one of the Mayan languages, or
Xinka or Garífuna languages as a first language. Models include school fixed eﬀects.
(+) The factor model and the system of test scores are jointly estimated.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.
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Table 2.11: Determinants of students’ Spanish comprehension, eﬀort and other unobserved traits

✓c
0.807***
0.848***
3.192***
1.178***
2.541***
2.253***
1.537***

✓e
0.889***
0.262***

0.631***
0.077**
0.034***

0.065
0.025
0.085*

0.020

Parental characteristics(a)
SMT mother
SMT father
Two SMT parents
Elementary school
Junior high school
High school
More than high school

0.247***
0.414***
0.213***
0.071***
0.075***
0.011
0.059***

0.140
0.133
0.047
0.242***
0.237***
0.273***
0.294***

0.169
0.137
0.069
0.036
0.068
0.051
0.014

Variance-Covariance matrix
Spanish comprehension
Eﬀort
Unobserved traits

0.152
0.033***
0.025**

0.041
0.044

0.139

1
2
3
4
5
6
7

Means
Student characteristics
Non-SMT student
Non-SMT student * Rural area
Pre-elementary education

✓ut
0.842***

Note: The variables ✓c , ✓e and ✓ut stand for the latent variables for Spanish comprehension, eﬀort and other unobserved
traits for student i. See Tables 2.3 and 2.4 for the factor loadings’ names. Spanish mother tongue (SMT) stands for students’
self-report of having Spanish as a first language. These students represent the 77.7 percent of the sample size. Non-SMT
students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. Standard errors are
clustered at school level. Significant levels: *** at 1 % , ** at 5%, and * at 10%. Besides variables shown in the table, the
means of latent variables include school fixed eﬀects.
(a) Parental educational attainment stands for the maximum educational attainment reached by either the mother or father.
Source: Authors’ calculation using the Ministry of Education’s 2006 data.

Chapter 3
Are non-Spanish mother tongue students
at secondary school still facing a
language barrier in the Guatemalan
education system?
3.1

Introduction

Not being proficient in a school’s predominant language of instruction can represent a language barrier for students’ human capital development. Furthermore, if demographic characteristics aﬀect the language learning process, and these characteristics are not taken into
account in the education process, then the existence of such a language barrier may not only
hinder student’s human capital accumulation, but also a community’s long-term development (Lundberg and Startz, 1998). In the context of Guatemala, Spanish comprehension
plays a key role for human capital development in elementary schools (see Chapter 2). In
this third chapter, I investigate whether non-Spanish mother tongue (non-SMT) students
still face an obstacle or a language barrier in acquiring skills while at secondary school in
Guatemala.
Knowing whether students face a language barrier is relevant for Guatemala due to its
multilingual society. In Guatemala, 25 languages are spoken, and Spanish is the language
of instruction in the majority of secondary schools. The Ministry of Education (Mineduc)
carried out national math and reading tests in 2010, 2013 and 2015 to assess students’
achievement in the last grades of elementary, junior high and high school, respectively,
which represent grades 6, 9, and 12 in the Guatemalan education system. Those students
whose mother tongue is Spanish represented 62% of the student population in grade 6 in
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2010, while the remaining students spoke a non-Spanish language as a mother tongue.1 The
academic performance of students on the national tests is displayed in Table 3.1 for the last
grades of elementary, junior high and high school. Test scores are standardized to have a
mean of zero and a standard deviation of one at each grade. Scores on the national tests for
SMT students are higher than for non-SMT students. Furthermore, the low performance of
non-SMT students was persistent from lower to higher grades, and without any significant
improvement between elementary and high school. This achievement gap between non-SMT
and SMT students raises the question of whether non-SMT students still face a language
barrier at school. If true, it is crucial to identify the extent of the damage in terms of school
performance and the root of the language barrier.
The analysis in this chapter exploits unique data from the Guatemalan Ministry of Education to build a panel dataset. This new dataset represents the first panel data available
for Guatemalan secondary students. It starts with students who attended the last grade of
elementary school in 2010. Both students and principals were surveyed to measure family
background and school quality, respectively, in diﬀerent years. By combining longitudinal
student survey data with school survey data, this chapter represents, to my knowledge, the
first Guatemalan longitudinal study for secondary students. The construction of this dataset
allows me to model the acquisition of human capital as a cumulative process in which not
only school and family inputs matter, but also the students’ innate ability that aﬀects their
performance at school (Todd and Wolpin, 2003, 2007; Hanushek et al., 2009; Heckman and
Raut, 2016).
A limitation in this chapter is that the dataset does not include questions to estimate
students’ latent variables for Spanish comprehension and eﬀort like the ones used in Chapter
2, where both latent variables play a key role for human capital development. However,
the dataset in this third chapter includes non-SMT students’ self-evaluation of not being
proficient in Spanish, and of their mother tongue use.2 To determine whether non-SMT
students face a language barrier at secondary school, I hypothesize that students’ lack of
Spanish comprehension negatively aﬀects learning at school, or in other words, students
who self-evaluate as not being proficient in Spanish perform worse on national tests than
their counterparts. I test this hypothesis in the empirical section. This lack of Spanish
comprehension would put non-SMT students in a disadvantaged position because Spanish is
the language of instruction in the majority of secondary schools.
The lack of information that can be used to pin-down students’ eﬀort may lead to overestimation of the language barrier eﬀect at school. The psychology literature has emphasized
the importance of non-cognitive skills such as motivation and persistence on students’ performance while at school. These non-cognitive skills determine students’ eﬀort and, as a
1

Non-Spanish mother tongue students are those who speak either a Mayan, Xinca or Garífuna language.
Students did not report to whom they speak to. Chapter 2 also shows that when elementary non-SMT
students are still learning Spanish, the intensity of their mother tongue use will negatively aﬀect their Spanish
comprehension.
2
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result, test scores (Aiken, 1971; Wolfe and Johnson, 1995; Duckworth and Seligman, 2005;
Heckman et al., 2006). Almlund et al. (2011) indicate that students with low abilities can
oﬀset their poor performance at school by exerting more eﬀort, and Beattie et al. (2017)
show that students who poorly perform on tests frequently report that they are more often
stressed than their classmates. Therefore, if non-SMT students do poorly on a test as a
result of their lack of Spanish comprehension, they can choose a strategy to overcome their
low grade.3 Non-SMT students, for example, can decide to learn from teachers by using
their mother tongue or by spending more time reading books by themselves. Such strategies
can reduce non-SMT students’ interaction time with students proficient in Spanish, which
may aﬀect non-SMT students’ Spanish learning process. In other words, students’ eﬀort can
display a positive relationship with their lack of Spanish comprehension (see Chapter 2),
thus causing biased estimates of the language barrier eﬀect on test scores at school.
Due to the lack of information that is needed to separate the independent impact of
students’ lack of Spanish comprehension from other factors driving student achievement
such as eﬀort or innate ability, I follow three strategies to investigate the sensitivity of the
estimated impacts to potential confounding factors. First, I estimate OLS and IV models to
determine the eﬀect of the lack of Spanish comprehension on tests scores with extensive sets
of control variables, including student and family background, general and subject-specific
school inputs, and regional dummy variables. I refer to these OLS models as baseline models.
These OLS models are comparable to and produce similar results to those in the existing
literature on Guatemalan education.
Second, I use fixed-eﬀect models to exploit diﬀerences in the performance of students
across time. This student fixed-eﬀects analysis allows me to identify the eﬀect of a lack of
Spanish comprehension using only variation between subjects, thereby directly controlling
for unobserved student-specific characteristics that similarly aﬀect math and reading performance (e.g., innate ability or family background). I also estimate OLS and IV models when
controlling for student fixed eﬀects.
Third, both the baseline specification and the fixed-eﬀect models can still provide biased
estimates of the language barrier eﬀect or the eﬀect of a lack of Spanish comprehension
on test scores if, for instance, the eﬀect of student eﬀort on test scores is influenced by
students’ Spanish comprehension (essential heterogeneity). Non-SMT students’ unobserved
eﬀort may display a positive relationship with their lack of Spanish comprehension. If so, the
specification of a model for non-SMT students’ lack of Spanish comprehension is essential
for interpreting the IV estimates. Following the local instrumental variable literature (Basu
et al., 2007; Carneiro et al., 2010), I estimate the average treatment eﬀect, ATE, to provide
supporting evidence.
While identification of causal eﬀects of non-SMT students’ lack of Spanish comprehension
3

The Guatemalan education system requires students to score 60% in all subjects to progress to the next
grade.
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on test scores is clearly diﬃcult, all empirical strategies consistently indicate a robust negative
relationship between non-SMT students’ self-evaluation of not being proficient in Spanish
and their achievement on national tests. This robust negative relationship paired with the
hypothesis that non-SMT students are not yet proficient in Spanish at secondary school
provides evidence that non-SMT students’ human capital development is at risk. In the
baseline model estimated by OLS, I do not find evidence that reporting not being proficient
in Spanish aﬀects student performance on national tests. However, the baseline models
estimated by IV indicate that reporting not being proficient in Spanish is associated with a
lower math achievement ranging from -1.523 to -0.523 standard deviations. This finding also
holds when controlling for student fixed eﬀects and students’ essential heterogeneity. To put
these estimates into perspective, they imply that the math test score gap is entirely explained
by non-SMT students’ lack of Spanish comprehension. The consistency of estimated impacts
across alternative estimation approaches supports the finding that non-SMT students’ lack
of Spanish comprehension negatively aﬀect their learning at school.
The first stage in the two stage least squares provides an understanding of non-SMT
students’ lack of Spanish comprehension. Non-SMT students’ lack of Spanish comprehension
could have originated from their lack of interaction with people proficient in Spanish such
as SMT students at school. Therefore, a potential instrument for Spanish comprehension at
time t can be the linguistic composition at school in period t 1, where non-SMT students
attended.4 I find that linguistic composition at school in time t 1 influences both non-SMT
students’ lack of Spanish comprehension and mother tongue use in time t, which aﬀects
the students’ Spanish learning process. This finding is robust even after controlling for
both distance to main cities where Spanish is mainly spoken (main municipal cities) and for
municipal and rural area fixed eﬀects.5 In other words, SMT students’ sorting among schools
within a local area can explain both non-SMT students’ lack of Spanish comprehension and
their mother tongue use. This finding implies that the regional distribution of the non-SMT
population across Guatemala is not the root of non-SMT students’ language barrier as I
discuss in Chapter 4.
Due to the negative eﬀect of non-SMT students’ lack of Spanish comprehension on their
learning at school, this chapter also explores a policy scenario by which the government might
improve non-SMT students’ Spanish comprehension and, therefore, their performance. If a
language barrier exists at school, keeping non-SMT students segregated may not increase
their Spanish comprehension, especially for students attending schools in rural areas. I
follow Heckman and Vytlacil (2005) to simulate the eﬀect of what can be understood as
a second language program. The policy intervention in this chapter simulates a linguistic
integration at time t 1 where SMT and non-SMT students are artificially mixed in the
4

In this chapter a diﬀerence of one period in the model means a diﬀerence of three years in the data.
Guatemala is geographically divided into eight regions. Each region is divided into departments, and
departments into municipalities. In total Guatemala has 22 departments and 337 municipalities. Each municipality consists of rural and urban areas, and every one of them has its own main city, many communities.
Municipalities are the smallest geographical division observed in this data set.
5
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same school in rural areas. The artificial linguistic integration at school may change the
distribution of students proficient in Spanish at time t. This policy simulation serves as a
thought experiment that sheds some light on one possible solution given that parents can
enroll their children at any school.
The simulation of the second language program provides evidence that linguistic integration at school may play an important role in alleviating the language barrier for non-SMT
students.6 Non-SMT students attending rural schools improve their performance under the
policy simulation, but they still do not perform as good as native speakers. However, the
feasibility of such a policy is beyond the scope of this research, since such a policy would
heavily depend on a deep understanding of how parents select schools.
The next section gives a brief description of the Guatemalan educational literature. The
following section gives a description of both the Guatemalan education system and the data
used in this chapter. Section 3.4 explains the empirical approach. Section 3.5 discusses
the results for the math and reading production functions. Section 3.6 presents the policy
simulation. The concluding section provides further discussion of the results.

3.2

Literature review

The Guatemalan educational literature shows mixed findings when trying to understand why
non-SMT students do worse than SMT students at elementary school. The three hypotheses
in the literature for the test gap are: diﬀerences in household background, diﬀerences in
school qualities, or diﬀerences in student Spanish comprehension.
The low achievement on national tests for non-SMT students may be related to their
family’s socio-economic status, such as parents’ low educational attainment or low family
income. On the one hand, one part of the existing Guatemalan literature shows that indigenous people have low educational attainment (Chamarbagwala and Morán, 2011). Therefore,
diﬀerences in educational attainment can explain the earning gap between indigenous and
non-indigenous people. In this context, Meade (2011) finds that students’ mother tongue
and parents’ level of schooling aﬀect student achievement at Guatemalan elementary school.
Hernandez-Zavala et al. (2006) analyze test score gaps for students who grew up or not
speaking an indigenous language at home for Guatemala, Mexico and Peru. The authors
find that the gap in test scores among the two groups is mostly explained by family factors
such as parents’ educational level. For instance, the Guatemalan census in 2002 shows the
clear gap in the education levels of SMT and non-SMT parents, especially mothers, of two
year old children (see Table 3.2).
6

The estimation approach for this analysis follows the work of Heckman and Vytlacil (2005), Carneiro
and Lee (2009), Carneiro et al. (2010) and Carneiro et al. (2010) in estimating the policy relevant treatment
eﬀect.
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On the other hand, some empirical papers for Guatemala provide evidence that the elementary student achievement gap is mainly driven by school factors. Enge and Chesterfield
(1996) find evidence that teachers’ training and the supply of instructional material in the
students’ native languages have a significant impact on rural elementary student achievement
in Guatemala. Rubio (2004) shows that indigenous students in the first six grades attending
schools with the bilingual education program have a higher passing rate, lower dropout rate
and larger number of graduates. McEwan and Trowbridge (2007a) analyze the educational
achievement of rural third grade students in 2001. Their estimates imply that students who
speak a Mayan language at home perform poorly on national tests due to schools’ low quality (as measured by school fixed eﬀects) they attend. Marshall (2009) finds evidence that
children’s school attendance influences both Spanish and math test scores, but also that
community fixed eﬀects play a key role in explaining students’ achievement in national tests
by ethnicity.
In contrast to the previous Guatemalan educational literature, Chapter 2 shows that
Spanish comprehension plays a key role for human capital development in Guatemala. The
second chapter indicates that non-SMT students with a low level of Spanish comprehension
perform poorly at elementary school, but these students can oﬀset their lack of Spanish
comprehension by either speaking their mother tongue with teachers or exerting more eﬀort.
By doing so, however, non-SMT students hinder their Spanish learning process.
Identifying which of the above-mentioned hypotheses influence the achievement gap for
secondary students is crucial given the high degree of inequality between the indigenous and
non-indigenous populations in Guatemala.

3.3

The Guatemalan education system and the data

The Guatemalan education system can be divided into four school types: public, private,
cooperative, and municipal. Public schools are completely managed by Mineduc. Private
schools are profit maximizing. Municipal schools are managed by local governments rather
than by Mineduc. Last, in the cooperative schools, the schools’ administration is formed by
parents and the local government. Regardless of the school type, the curriculum and all syllabi are designed by Mineduc, and all schools are required to cover the Mineduc curriculum.
In 2010 Mineduc randomly selected and tested 18,441 grade six students in math and
reading to nationally represent students in public schools.7 By the time students take the
tests, students also completed a survey asking questions about school, family inputs and
house infrastructure. The students survey is also designed by Mineduc. The tests and the
7

National tests are marked based on Item Response Theory (Rasch correction model), which involves
grading students not only by the number of correct answers, but also by the degree of diﬃculty of each
question.
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survey were not planned for use in a longitudinal analysis, but the creation of the longitudinal
data set is made possible by the fact that all junior high and high school students were tested
in 2013 and 2015, so that students who took the 2010 tests can be followed in the later grades
using their names.
In addition to the student-level data, school-level data are available for all schools in 2013
and 2015. Each year principals provide information in the following areas: 1) the principal’s
own education, 2) school infrastructure, and 3) the students’ preparation for the national
tests. This second dataset covers all junior high and high schools. Both datasets contain a
school code variable that allows matching of students to schools. This matching allows for the
construction of a longitudinal student-level panel dataset representing the 2010 elementary
student cohort that includes both student and school data.
The dataset in this chapter is unbalanced because grade six students who did not progress
or dropped out of school are not included in the higher grades. Table 3.3 shows the relationship between students’ mother tongue and both students’ grade progression and their
test scores from the longitudinal dataset. Urban and rural sectors are shown separately,
as grade progression rates diﬀer markedly between the two sectors. In terms of non-SMT
students, the table shows that non-SMT students account for 38 percent of the sample and
that 81 percent of these non-SMT students live in rural areas.8 Non-SMT students attending
rural schools have both the lowest grade progression rates and the lowest performance at
school. The fact that SMT students in rural area junior and senior high schools outperform
non-SMT students at rural school suggests that language of instruction at school may be
a barrier for non-SMT students. For instance, conditional on attending rural schools and
in terms of math scores, SMT students outperform non-SMT students by 0.218 and 0.199
standard deviations for junior high and high school respectively. Regarding students who
attend urban schools, SMT students also have better performance than non-SMT students.
Are the achievement gaps between SMT and non-SMT students entirely due to socioeconomic diﬀerences such as family income and parental education? Are these achievement
gaps the result of diﬀerences in school attributes? Or, do they reflect a lack of Spanish
comprehension? Table 3.4 gives the complete list of variables (and descriptive statistics)
employed in this chapter to identify which of these three hypotheses from the Guatemalan
literature explain secondary students’ achievement gap. This table is divided by students’
mother tongue. Furthermore, among non-SMT students, the table contrasts student characteristics between rural and urban areas. Given the large number of variables, I only discuss
the main diﬀerences.
Regarding the first hypothesis, socio-economic diﬀerences by mother tongue, studentlevel variables from the student dataset include age, gender, family assets, remittances,
parental educational, and books and newspapers read. With respect to non-SMT students’
8

The 2002 national census indicates that about 39 percent of the population does not have Spanish as a
mother tongue.
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mother tongue use (see first row), the table indicates that the same proportion of students,
0.63, speak their non Spanish mother tongue between rural and urban areas. However, nonSMT students who live in rural areas are older than students who attend schools in urban
areas. Non-SMT students who live in rural areas are 1.34 years older than the expected age
while urban non-SMT students are just 0.6 years older. Another diﬀerence is that non-SMT
students who reside in rural areas read fewer books and newspapers than non-SMT students
in urban areas.
In the context of the second hypothesis, school-characteristic diﬀerences by mother
tongue, school-level variables from the school dataset include teachers’ training, teachers’
performance, the presence of a school library, the length of classes (in minutes), and whether
the school is certified as having a bilingual program. From school-level variables, three main
diﬀerences emerge. First, schools located in rural areas have less library infrastructure:
books, desks and a studying area. For example, 7.5 percent of schools in rural areas have
libraries with all this infrastructure, while this number more than doubles for schools in
urban areas. Second, only 32% of schools in rural areas use previous national tests to help
students study, while more that 55% of schools in urban areas employ this method. Lastly,
rural schools devote less time to preparing students for the national test (see last 8 variables).
In terms of the last hypothesis, whether diﬀerences in Spanish comprehension aﬀect
learning at school, non-SMT students’ lack of Spanish comprehension could originate from
the lack of interaction with people proficient in Spanish, for example. The peer eﬀects
literature shows that peer eﬀects are important not only in the determination of friendships,
which are especially strong intra-race, (Fruehwirth, 2013; Hanushek et al., 2009; Marmaros
and Sacerdote, 2006; Mayer and Puller, 2008), but also can aﬀect students’ achievement due
to the race composition in the class (Hanushek et al., 2009). Therefore, peer eﬀects may
aﬀect the Spanish learning process of non-SMT students, suggestive evidence of which is
shown in Figure 3.1.
The top graph in Figure 3.1 shows the relationship between the school’s proportion of
SMT students in time t 1 and the school’s proportion of non-SMT students who reported
both mother tongue use and not being proficient in Spanish in time t. This figure clearly
reveals that if the school’s proportion of SMT students in time t 1 rises, non-SMT students
are more likely to report that they do not speak their mother tongue. Similarly, a school’s
proportion of SMT students also appears to influence non-SMT students’ Spanish comprehension, but this influence is not as strong as the case of non-SMT students’ mother tongue
use. These negative relationships suggest that non-SMT students are better at learning in
the language of instruction at school if they have the opportunity to attend a school highly
populated by Spanish native speakers. Furthermore, the bottom graph in Figure 3.1 reveals
a positive relationship between the proportion of SMT students at school and non-SMT
students’ average achievement on the national test. This positive relationship suggests that
Spanish native speakers might influence non-SMT students’ Spanish comprehension, which
could result in higher test scores for non-SMT students.
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With this in mind, community characteristics such as the degree of isolation can determine
intra-race vs. inter-race peer eﬀects. Table 3.5 shows the non-SMT students’ average mother
tongue use, for both junior high and high school, by municipalities’ SMT student share.
This table indicates that the higher the municipalities’ share of SMT students, the lower the
proportion of non-SMT students’ mother tongue use. For example, 32% of municipalities
have less than 50% of SMT students at school, and in these municipalities more than 52%
of non-SMT students reported using their non-Spanish mother tongue.
Non-SMT students’ low human capital may persist indefinitely without a change in community demography or governmental support. The existence of a relationship between either
SM T
a community characteristic or the linguistic composition at school in time t 1, s,t
1 , and
non-SMT students’ Spanish comprehension may hinder students’ learning at school. I refer
to this relationship as a language barrier for non-SMT students.

3.4

Empirical approach

The goal of this chapter is to look for evidence on the potential existence of a language barrier
at secondary school. To do so, I hypothesize that students’ lack of Spanish comprehension
negatively aﬀects learning at school.
The empirical approach relies on estimating value-added production functions for math
and reading. I follow two diﬀerent estimation approaches to investigate the sensitivity of the
estimated impacts of not being proficient in Spanish to other confounding factors driving
student achievement. The baseline specification is based on the Chapter 2 findings, but modified to incorporate both the data limitations in this chapter and the value-added production
function specification. The second approach takes as reference the baseline specification, but
controls for student fixed eﬀects.

3.4.1

The baseline specification

Based on the results in Chapter 2, I assume that the non-SMT student i, nsmti , who
attends school si can learn a subject, yi,t , in three ways. First, the student can better learn a
subject, the better their Spanish comprehension. To control for the student’s understanding
of Spanish, I employ the non-SMT student’s self-evaluation of not being proficient in Spanish,
qi,t nsmti . This variable, qi,t nsmti , takes a value of one only if non-SMT students reported
not being proficient in Spanish and zero otherwise. Second, the student can ask questions to
their teachers employing their mother tongue to learn a subject. To control for this studentteacher interaction, I employ the non-SMT student’s mother tongue use, mi,t nsmti . This
variable, mi,t nsmti , takes a value of one if non-SMT students reported intensive use of their
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mother tongue and zero otherwise. Third, the student i can exert eﬀort to learn, ei,t . I also
assume that the student’s innate ability, ✓i , influences how the student learns. Therefore,
the value-added production function is defined as:

yi,t = ↵0 + ↵1 yi,t

1

+ ↵2 nsmti + ↵3 qi,t nsmti + ↵4 mi,t nsmti + ↵5 ei,t + ↵6 ✓i + ✏i,t ,(3.1)

where ✏i,t stands for an error term.9
A drawback in this chapter is that students were not asked for their level of eﬀort when
attending schools. To partially control for students’ eﬀort, I include controls that influence
students’ eﬀort in the value-added production function like the ones shown in Chapter 2. I
assume that the student’s eﬀort, ei,t , is defined as:

ei,t = Xi,t ⇢ + "i,t ,

(3.2)

where Xi,t is a row vector that controls for parent, student, regional, and schools characteristics. I include in Xi,t parents’ educational attainment, family assets and remittances
(to control for family income).10
As mentioned in Section 3.2, community characteristics, the bilingual program at school
and other school characteristics may play a role in explaining test score gaps by ethnicity.
I include municipal and rural area fixed eﬀects in Xi,t to control for unobserved community
characteristics that can influence students’ performance at school. For instance, municipal
and rural area fixed eﬀects may control for the population’s linguistic distribution across
Guatemala. I also include year fixed eﬀects. The variable Xi,t also includes all school
attributes displayed in Table 3.4, which includes a dummy variable for whether student i
is taught following the bilingual educational program at school s, bpsi . Furthermore, I also
T
include in Xi,t the linguistic composition at school s that student i attends, sSM
, to control
i ,t
for linguistic peer eﬀects (Hanushek et al., 2009). I substitute equation 3.2 into equation 3.1
and simplify terms to get:

yi,t = ↵0 + ↵1 yi,t

1

+ ↵2 nsmti + ↵3 qi,t nsmti + ↵4 mi,t nsmti + Xi,t ⇢↵5 + ↵6 ✓i + ↵5 "i,t + ✏i,t ,

9

By including previous test scores in the production function, I assume that all previous student, family
and school inputs do not aﬀect test scores (Todd and Wolpin, 2003).
10
Chapter 2 also shows that after controlling for student eﬀort which is influenced by parental attributes,
parental attributes does not play an important role explaining test scores through other students’ unobserved
traits.
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or in terms of the reduced form specification:

yi,t =

0

+

1 yi,t 1

+

2 nsmti

⇠i,t =

+

3 qi,t nsmti

6 ✓i

+

7 "i,t

+

4 mi,t nsmti

+ ✏i,t ,

+ Xi,t

5

+ ⇠i,t ,

(3.3)

(3.4)

where i = ↵i for i ✏ {0, 1, 2, 3, 4}, and the error term ⇠i,t consists of the students’ innate
ability, ✓i , the unobserved part of students’ eﬀort, "i,t , and an individual and time specific
term, ✏i,t .
Under the baseline equation 3.3, a non-negative value for 3 indicates that non-SMT
students who self-evaluate as not being proficient in Spanish are learning, through their
listening skills, as much as their counterparts. However, a negative 3 implies that non-SMT
students are performing worse than their counterparts at school due to their lack of Spanish
comprehension. Furthermore, the magnitude of 3 also provides a direct measure of the
eﬀect of students’ lack of Spanish comprehension or students’ language barrier on their test
scores. The rejection of the null hypothesis

Ho :

3

>0

(3.5)

would thus support the findings in Chapter 2 that show that elementary students are not
yet proficient in Spanish.
Under the assumption that the expected value of the error term in equation 3.3 conditional on observables is zero, running OLS on this baseline specification provides unbiased
estimates. However, the identification of causal eﬀects of not being proficient in Spanish on
test scores in equation 3.3 is complicated due to various potential problems that can bias
estimates: students’ attrition in grade progression, students’ innate ability, and variables’
endogeneity such as Spanish comprehension.

3.4.2

Students’ attrition in grade progression

The first problem is selection due to students’ attrition in grade progression, which can
bias estimates such as b3 . The selection in school progression requires some additional
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explanation of the Guatemalan education system. Mineduc establishes the curriculum of all
subjects, and schools are required to cover this curriculum. Furthermore, Mineduc requires
that students must be promoted to the next grade if their marks are above 60 percent in
all classes they take each academic year.11 How students are tested and the frequency of
subject tests, however, are determined by principals, which may create heterogeneity of
school thresholds for progression. Top schools can design more challenging tests than their
counterparts. Therefore, students are observed in period t only if they were above the
school-specific threshold in period t 1.
In order to control for selection due to students’ attrition, the probability of the students’ grade progression is included as a control function when estimating the production
functions.12 The students’ grade progression probability is estimated by a logit model and
included as a polynomial of second order in the production function. The right hand variables in the logit specification for student grade progression represent the diﬀerence between
the student’s score on the national test for both math and reading and the average score
at the student’s school at time t 1. This model specification is based on Table 3.6, which
shows national test scores by grade progression. The main message of this table is that those
students who progressed to the next grade had scores on the national test, for both math and
reading, that were above the national mean, as well as above the average for their schools.13
I assume that a school’s threshold is given by or highly correlated with the students’ average scores (see appendix for the results). I include the probability of the students’ grade
progression in Xi,t .

3.4.3

Students’ innate ability

The second problem in finding evidence of a language barrier at secondary school under
equation 3.3 is students’ innate ability because this unobserved variable can bias estimates
such as b3 . There are two approaches to deal with students’ innate ability.
First, the standard approach to deal with students’ innate ability is to diﬀerence equation
3.3, which eliminate any fixed eﬀects at student, school or regional level from the production
function. By taking a first diﬀerence to equation 3.3, the value added model is given now
by:

yi,t =

1

yi,t

1

+

3

qi,t nsmti +

11

4

mi,t nsmti +

Xi,t

5

+

⇠i,t ,

(3.6)

The national tests do not aﬀect students’ school progression.
I include the probability of the students’ grade progression in all model specifications. See James
Heckman and Salvador Navarro-Lozano (2004) for details.
13
The schools’ average scores were calculated using all students from the dataset. Students who I can
follow over grades were included.
12

43

⇠i,t =

7

"i,t +

(3.7)

✏i,t .

To find evidence of the existence of a language barrier, I build a longitudinal dataset that
consists of at most 3 observations per student: last grade in elementary, junior high and
high school. However, by taking the first diﬀerence, the sample size will be determined by
those students who attended high school, since one of these observations is lost by modeling
the production function as an accumulative process. Therefore, if a language barrier exists
at school, it is likely that students aﬀected the most may have not reached high school;
consequently, the estimate of b3 given by equation 3.6 may be less negative or equal than
the estimate of b3 under equation 3.3 if in this last equation I am able to control for student’s
ability and to include junior and high school students in the estimation.
The second and less common approach is to control for students’ innate ability in equation
3.3. Adding the superscript r to parameters, error term and test scores in equation 3.3 to
represent the reading production function, I can solve for students’ innate ability from the
reading production function. Similar, I add the superscript m to parameters, error term and
test scores in equation 3.3 to represent the math production function. With the students’
innate ability at hand, I can substitute it into the math production function to get:

yi,t = ⇡0 + ⇡1 yi,t

1

r
r
+ ⇡2 nsmti + ⇡3 qi,t nsmti + ⇡4 mi,t nsmti + Xi,t ⇡5 + ⇡ 6 yi,t
+ ⇡ 7 yi,t

1

+(3.8)
i,t

m

m
r 6
14
where i,t = ⇡8 "i,t + ⇡9 ✏ri,t + ✏m
i,t , and ⇡j = j
j 6r for j = 0, 2, 3, 4, 5, 8. . The new
error term i,t includes the unobserved part of student eﬀort, and the error terms of reading
and math production functions, respectively. Therefore, under equation 3.8, to find evidence
of a language barrier at school, ⇡3 = 3m , it is necessary that Spanish comprehension does
not aﬀect reading performance at school, 3r = 0.15 I show that this is the case for secondary
students in Section 3.5.

Given the fact that using reading test scores to control for students’ ability in equation
3.8 is not commonly used, as a robustness check, I diﬀerence equation 3.8 to get:

m
m
yi,t
= ⇡ 1 yi,t

1

+ ⇡3 qi,t nsmti + ⇡4 mi,t nsmti +
m

14

r
r
Xi,t ⇡5 + ⇡ 6 yi,t
+ ⇡ 7 yi,t
m

m

1

+ (3.9)
⇠i,t ,
m

r 6
6
5
The remaining parameters are given by ⇡1 = 1 , ⇡6 = 6r , ⇡7 =
r .
1 6r , ⇡7 = 6r , and ⇡9 =
6
5
15
I show that Spanish comprehension and mother tongue use are statistically equal to zero when explaining
reading test scores. Then, in section 3.5.2 I use the notation ⇡3 = 3 for Spanish comprehension and ⇡4 = 4
for mother tongue use for equation 3.8.
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m
⇠i,t
= ⇡8 "i,t + ⇡9 ✏ri,t +

✏m
i,t .

(3.10)

I compare the estimates from equation 3.9 with the estimates from equation 3.6 to see
whether the correlation of reading test scores with the error term of the reading production
function, ✏ri,t , bias estimates in equation 3.9. I show that this is not the case in Section 3.5.
Therefore, I am reasonable certain that estimates from equation 3.8 will not be biased by
the correlation of reading test scores and the reading error term, ✏ri,t .

3.4.4

Endogeneity

The third problem is that non-SMT students’ lack of Spanish comprehension may be endogenous if it is correlated with the unobserved part of students’ eﬀort in any model specification,
the baseline or first diﬀerenced, which I would expect to bias estimates such as b3 .

To understand why the unobserved part of students’ eﬀort may lead to an overestimate
of the 3 , remember that the Guatemalan education system requires that students score
60 percent in all subjects to progress to the next grade, and top ranking schools likely
demand more eﬀort from students to score 60 percent. As a consequence, if a student faces
some probability of not progressing to the next grade, the student’s eﬀort or study time
management may depend on both their traits as well as on the quality of the school they
attend. Given the probability of not passing to the next grade, if non-SMT students are not
learning due to their lack of Spanish comprehension, it is likely that they exert more eﬀort
by devoting more time to study by themselves rather than spending time learning Spanish.
When this is the case, the correlation between students’ lack of Spanish comprehension, qi,t ,
and the unobserved part of students’ eﬀort, "i,t , may be equal to or larger than zero (see
Chapter 2). This means that the b3 would be overestimated, which works against me finding
a language barrier (i.e., a negative b3 ).
Non-SMT students’ mother tongue use may be endogenous if it is also correlated with the
unobserved part of students’ eﬀort in the production function, which I would also expect to
bias the b4 estimate upward. Similar to the second problem, non-SMT students may oﬀset
their Spanish comprehension deficit by asking for help using their mother tongue rather than
spending time learning Spanish.

T
The students’ sorting across schools, bpsi ,t or sSM
can also bias estimates if parents’ eni ,t
rollment decision are based on school quality, which influence students’ eﬀort. The Guatemalan
literature about the impact of the bilingual program on test scores shows positive eﬀects, at
least for the first three elementary grades. Therefore, any unobserved characteristic of this
program that parents consider when selecting a school can bias the results.
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The identification of a causal eﬀect of a language barrier at school on test scores is clearly
diﬃcult not only due to the endogeneity of students’ lack of Spanish comprehension with the
unobserved part of students’ eﬀort, ✏i,t , but also due to the endogeneity of other variables
resulting from an equilibrium process that aﬀects students’ performance at school.
To reliably separate the independent impact of students’ lack of Spanish comprehension
from other factors driving student achievement, I employ an instrumental variable approach.
The variables I treat as endogenous are students’ self-report of being non-SMT speakers,
nsmti , non-SMT students’ self-evaluation of not being proficient in Spanish, qi,t nsmti , and
mother tongue use, mi,t nsmti , students’ attendance at a school with the bilingual program,
T
bpsi ,t , and SMT students’ sorting across schools, sSM
. In what follows, I discuss instruments
i ,t
by assuming what instruments influence each endogenous variable. Of course, in a joint 2SLS
procedure all instruments may influence all endogenous variables.
I discuss the instruments for students’ report of being non-SMT speakers, nsmti . The
instruments are whether the mother, father or both parents have a non-Spanish language
as a mother tongue. I assume that parents’ mother tongue does not have a direct eﬀect on
students’ test scores, once I have controlled for parents’ educational attainment and family
assets.16 For instance, the findings in Chapter 2 indicate that parents’ mother tongue only
influences students’ Spanish comprehension. Therefore, parents’ educational attainment
and family assets may non-parametrically control for any omitted variable that parents may
consider to improve their child’s performance at school. I also control for municipal and
rural area fixed eﬀects which may control for the Guatemalan linguistic distribution.
Regarding the instruments for non-SMT students’ self-evaluation of not being proficient
in Spanish, qi,t nsmti , I employ as an instrument the linguistic composition at school s where
T 17
student i attended in time t 1, sSM
. Non-SMT students’ Spanish comprehension may be
i ,t 1
aﬀected by schoolmates. The higher the number of SMT students at school, the higher nonSMT students’ Spanish proficiency might be. In the Guatemalan context, then, students’
T
linguistic sorting across schools in time t 1, sSM
, might not have a direct impact on
i ,t 1
students’ performance in time t, but still may be correlated with the non-SMT students’
T
Spanish proficiency in time t. The variable students’ linguistic sorting across schools, sSM
,
i ,.
is constructed to represent deviations from a uniform sorting of SMT students across schools.
So, a positive number stands for an excess of SMT students in a school relative to the uniform
sorting of SMT students across schools.
Now, I discuss the instrument for whether non-SMT students intensively speak their
mother tongue. The instrument is the proximity from the school where the student attended
16

The family asset variable can be a measure of the parents’ education because education determines
income and thus asset ownership.
17
A diﬀerence of one period in the model in this chapter means a diﬀerence of three academic years in the
data. Todd and Wolpin (2003) suggest that student inputs can be used as instrumental variables if these
inputs were applied at a time suﬃciently prior to the earliest observation used and the students’ innate
ability is controlled for.
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to the nearest main municipal city in the periods t and t 1 (school-main municipal city
proximity). In the context of a language learning process, the more students can interact
with Spanish native speakers (not related to schoolmates), the faster they become proficient
in Spanish. This is the eﬀect that school-main municipal city proximity is meant to capture.
However, this also can be correlated with school quality. For example, the further the school
is from a main or developed city, the less likely that well trained teachers will work at
these schools. I assume that school-main municipal city proximity only influence students’
mother tongue use after controlling for municipal and rural area fixed eﬀects, and also after
controlling for the extensive school attributes contained in the dataset such as teachers’
training, schools’ infrastructure, and principals’ educational attainment.
The instrument for students sorting across schools with the bilingual program is the
students’ distance from home to the nearest school with the bilingual program.18 This
distance may represent students’ accessibility to attend a school with a bilingual education
program. Even if student i did not attend a school with the bilingual program, I can
identify the nearest school with such a program. I also assume that after controlling for the
extensive school attributes contained in the dataset, the instrument students’ distance from
home to the nearest school with the bilingual program does not directly influence students’
performance at school.
The last set of the instruments may influence students’ linguistic sorting across schools in
T
time t, sSM
. I employ two groups of instruments. The first group is the students’ proximity
i ,t
from home to the school where students attended. I still assume that this instrument does
not directly influence students’ performance after controlling for fixed eﬀects and school
attributes. The second group of instruments is the SMT students’ sorting that surrounds
T
the school s where student i attended, SM
si ,t . I follow the assumption behind the industrial
T
, may be correlated with the
organization literature. The linguistic sorting in school s, sSM
i ,t
T
linguistic sorting of other schools due to common marginal costs, but SM
si ,t will not have
a direct eﬀect on students’ performance at school after controlling for schools’ attributes,
parents’ educational attainment, family assets, students’ characteristics and regional fixed
T
eﬀects. The variable SM
si ,t represents a weighted average of the student linguistic sorting
across schools without the school si that student i attended.19
I show results for equations 3.6, 3.8 and 3.9 for math production functions by assuming
that the expected value of the error term is zero (OLS), but also when assuming that the
unobserved part of students’ eﬀort is correlated with students’ lack of Spanish comprehension
for instance.
To summarize Section 3.4, the main objective of this chapter is to look for evidence of the
existence of a language barrier at secondary school, by separating the independent impact
18

The dataset does not indicate where students reside, but I assume that they live near the school they
attend at grade six.
19
I employ as weights the distance from school s to school s at municipal level.
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of students’ lack of Spanish comprehension from other factors driving student achievement
such as eﬀort or innate ability. I employ two strategies to investigate the sensitivity of the
estimated impacts to potential confounding factors. First, I rely on a fixed eﬀect strategy
to control for students’ innate ability. In this first strategy, the sample size does not include
students who did not reach high school. In a second strategy, I employ reading test scores
to control for students’ innate ability in the math production function in the baseline specification, allowing me to include students who did not attend high school. I expect to find
a higher language barrier eﬀect on test scores following the second strategy than under the
first strategy.

3.5

Results

This section shows the eﬀect of not being proficient in Spanish when attending secondary
school. First, I discuss the results from the math and reading production functions when
controlling for student fixed eﬀects, equation 3.6. Particularly, I show that Spanish comprehension does not play a key role when explaining students’ performance on national reading
tests. Second, by using reading test scores to control for students’ innate ability on the
math production function, see equation 3.9, I confirm that Spanish comprehension is a key
factor for developing only math skills. Last, I present evidence of the damage of not being
proficient in Spanish when attending secondary school by estimating equation 3.8 for math,
where I control for students’ innate ability by using reading test scores and I employ the full
sample.20
The results indicate that the linguistic composition at school influences both non-SMT
students’ lack of Spanish comprehension and mother tongue use. Therefore, non-SMT students with a low level of Spanish comprehension perform poorly on national tests. All model
specifications consistently indicate a robust negative and significant relationship between
non-SMT students’ lack of Spanish comprehension and their performance at school. NonSMT students who are not yet proficient in Spanish may be outperformed at least by 0.523
standard deviations by their counterparts in terms of math scores. Students’ lack of Spanish comprehension can entirely explain test score gaps by mother tongue (see Table 3.1 for
students’ score gaps).
20

Both foreign students and students who work while at school are excluded in this chapter.
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3.5.1

Results from the math and reading production functions when
controlling for student fixed eﬀects

Recall from Section 3.4.1 that the variables nsmti , qi,t nsmti and mi,t nsmti stand for nonSpanish mother tongue speaker, not being proficient in Spanish and intensive use of a nonSpanish language, respectively. These variables take a value of one if students reported to
belong in one of the categories and zero otherwise.
All tables of results when controlling for students’ fixed eﬀects (Tables 3.7-3.9) share the
following structure. In the first column I show results when assuming that the expected
value of the error term, ✏i,t , conditional on observables, is zero. From the second to the last
columns, I relax the previous assumption and employ two stage least squares to deal with the
variables I consider as endogenous. In the second column, I treat as endogenous non-SMT
students’ self-evaluation of not being proficient in Spanish, qi,t nsmti . The third column
adds as endogenous variables both the sorting of students into schools with the bilingual
T
program, bpsi ,t , and the students’ linguistic sorting across schools, sSM
. The last column
i ,t
displays results when also treating the variable intensively speaking a non-Spanish language
as endogenous, mi,t nsmti .
I discuss results from equation 3.6, which represents the first diﬀerenced baseline specification. Tables 3.7 and 3.8 display results for math and reading, respectively. I reserve the
discussion of 2SLS first stages until analyzing results with the full sample.
The math test score results from Table 3.7 indicate that non-SMT students who report
as not being proficient in Spanish perform worse than their counterparts in math. When the
model is estimated by OLS, the first column, results indicate that the language barrier eﬀect
on math tests is significant and close to -0.061 standard deviations. The second, third and
fourth columns estimate the equation by 2SLS. Results from these columns indicate that the
language barrier eﬀect is still significant, and the eﬀect is not negligible for non-SMT students
who self-evaluated as not being proficient in Spanish. These students are going to be, at
least, outperformed by 0.346 standard deviations by their counterparts, which accounts for
91 percent of the observed math test score gap. The language barrier eﬀect of 0.346 standard
deviations can be understood as an upper bound since (1) when treating other variables as
endogenous only increases the gap, and (2) only students who reach high school are included
in the estimation. The finding that a language barrier still exists at secondary school put at
risk the human capital development of people who do not have Spanish as a mother tongue,
since the Guatemalan educational system requires students to score above 60 percent to
progress into higher grades.
In terms of reading test scores, results indicate that Spanish comprehension plays no
role in acquiring reading skills. Table 3.8 displays this finding. Regardless of the model
specification, this table shows that a non-SMT student’s reading performance, at most, is
aﬀected by 0.161 standard deviations by a language barrier, but its eﬀect is not statistically
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significant. A possible interpretation for this finding is that scientific subjects such as math
require more in-class time to learn and develop practical skills.
Given that Spanish comprehension does not influence reading skills, reading test scores
can be used to pin-down students’ innate ability. Equation 3.9 displays the value-added
production function for math when controlling for students’ innate ability. If the estimates
of the language barrier eﬀect on math test scores under equations 3.6 and 3.9 do not diﬀer,
I can argue both that Spanish proficiency does not develop reading skills, and that the
correlation between reading test scores and its error term in the math production function
does not heavily influence the language barrier eﬀect on math.
Table 3.9 displays the results for the math production functions when controlling for
students’ innate ability. The finding that students who are not proficient is Spanish perform
worse than their counterparts still holds. The language barrier eﬀect on math test scores
does not heavily diﬀer when estimating equation 3.6 or 3.9. Therefore, I am reasonably
certain that the estimation of equation 3.8 provides an unbiased estimate of the language
barrier damage when both controlling for students’ innate ability and including all students
in the estimation, which I discuss next.

3.5.2

Results for the math baseline specification when controlling
for students’ innate ability

I now turn to the results for the math production function when both controlling for students’
innate ability and including all students in the estimation. Table 3.10 shows the main results
of the damage of not being proficient while at school.
In terms of this table’s structure, first, the table is divided into three subtables. The
upper table displays results for OLS and 2SLS second stages when estimating equation 3.8.
The middle and bottom tables show the 2SLS first stages for not being proficient in Spanish
and non-Spanish language use, respectively. I start discussing the first stage results, then I
discuss the second stage results. Second, in terms of the table’s column structure, the first
two columns show results when estimating equation 3.8 by OLS, when I do not and do control
for language barrier eﬀects, respectively. Results in these columns can be comparable to the
current Guatemalan literature that does not control for a language barrier at school. From
the third to the sixth column, I display results when estimating equation 3.8 by 2SLS, when
treating as endogenous the students’ report of being non-SMT speakers, nsmti , students’
self-evaluation of their lack of Spanish comprehension, qi,t nsmti , the students’ sorting across
T
schools, bpsi ,t and sSM
, and students’ mother tongue use, mi,t nsmti , respectively.
i ,t
Key results from the first stage estimation are reported at the middle and bottom of Table
T
3.10. First, students’ linguistic sorting across schools in time t 1, sSM
, is an influential
i ,t 1
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factor for reducing non-SMT students’ lack of Spanish comprehension in time t. A lag of
one period in the model represents a diﬀerence of 3 years in the data. Second, results also
show that linguistic segregation at school is robust across model specifications, even when
controlling for municipal and rural area fixed eﬀects. These fixed eﬀects should account
for the Guatemalan linguistic distribution. This negative relationship between students’
linguistic sorting across schools and students’ lack of Spanish comprehension suggests that
without either students’ linguistic relocation across schools or governmental support, the low
human capital of non-SMT students can persist indefinitely.
Similar to Spanish comprehension, students’ linguistic sorting across schools is also an
influential factor for non-SMT students’ mother tongue use, see the bottom part of the
table. Non-SMT students report not intensively speaking their mother tongue if they attend
a school highly populated by Spanish native speakers. An interesting finding is that nonSMT parents do not influence their non-SMT child’s mother tongue use, suggesting that
non-SMT parents may care about the Spanish learning process of their children. However,
non-SMT students still report intensive use of their mother tongue.
Preliminary evidence of the root of the lack of Spanish comprehension is also shown
T
at the bottom part of Table 3.10. The average school linguistic composition, SM
si ,t that
surrounds the school si where the non-SMT student i attends positively influences their
mother tongue use at time t. This positive relationship suggests that there exists some sort
of segregation at school by mother tongue, since both municipal and rural area fixed eﬀects
and school proximity to main municipal cities should account for the Guatemalan linguistic
distribution.
To conclude the first stage analysis, the international literature on peer eﬀects indicates
that friendships are strong intra-race, and such friendships may be shaped by parents’ school
selection for their child. Intra-race friendships paired with the fact that speaking one’s
mother tongue hinders the learning process of a new language may be creating the language
barrier at school in Guatemala. The finding in this chapter that students’ linguistic sorting
across schools aﬀects Spanish comprehension seems to fit the above-mentioned fact supported
by the international literature.
I now discuss the results for the math production function for OLS and 2SLS second
stages (upper part of Table 3.10). The first two columns show results when estimating the
model by OLS. These two model specifications indicate that non-SMT speakers, nsmti , are
not statistically diﬀerent than their counterparts in terms of math test scores. Furthermore,
results also show that the eﬀect of Spanish comprehension, b3 , on math test scores is not
negative. However, non-SMT students who intensively speak their mother tongue would
score 0.05 standard deviations lower grades than their counterparts.
The third column displays the result when treating students’ self-report of being nonSMT speakers as endogenous. In terms of the language barrier eﬀect on math test scores, b3 ,
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students who are not yet proficient in Spanish score 0.11 standard deviations lower grades
than their counterparts, which accounts for 28.9 percent of the observed math gap. Speaking
intensively a non-Spanish language still negatively aﬀects non-SMT students’ performance
at school, but with a larger eﬀect of 0.206 standard deviations. However, students who are
non-SMT speakers perform better that their counterparts by 0.282 standard deviations.
In the fourth column I deal with the endogeneity of not being proficient in Spanish.
If non-SMT students who are not proficient in Spanish exert more eﬀort to oﬀset their
poor performance at school, the language barrier eﬀect on math may be overestimated (less
negative). The language barrier eﬀect on students’ math performance is negative, significant
and accounts for 0.523 standard deviations, which represents 137 percent of the observed
gap. Non-SMT students’ mother tongue use still aﬀects their learning of math. For the
remaining columns, I just highlight key diﬀerences relative the this column.
The fifth column displays results when dealing with the endogeneity of students’ sorting
T
into the bilingual program and linguistic sorting across schools, bpsi and sSM
, respectively.
i ,t
Relative to the estimate of b3 from previous column, the language barrier eﬀect at school is
negative and significant, but with a larger coeﬃcient magnitude: 1.52. The overestimation
in the OLS case suggests that there exists an agglomeration eﬀect of students who are not
yet proficient in Spanish at school. This agglomeration eﬀect is also shown at the 2SLS first
stages where the students’ linguistic sorting influences students’ Spanish learning process.
The last column shows results when also treating non-SMT students’ mother tongue
use as endogenous. Still, the fact that non-SMT students are not yet proficient in Spanish
significantly aﬀects their math performance at school. The language barrier eﬀect on math
still accounts for 1.084 standard deviations. However, speaking a non-Spanish language has
a stronger eﬀect on non-SMT students’ math performance than the fourth column estimate:
0.725 standard deviations.
To summarize this section, I consider how not being proficient in Spanish is related to
non-SMT student achievement after controlling for diﬀerences in family background, school
attributes, and municipal and rural area fixed eﬀects. While identification of causal eﬀects is
not an easy task due to the endogeneity of students’ decisions to learn and students’ innate
ability, the consistent estimated impacts across alternative estimation approaches supports
the finding that non-SMT students are performing poorly at secondary school due to their
lack of Spanish comprehension.
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3.6

A policy scenario: improving non-SMT students’ Spanish comprehension

The estimation of the baseline and the fixed-eﬀect models provide evidence that non-SMT
students perform poorly at school due to their lack of Spanish comprehension, which is
influenced by students’ linguistic sorting across schools. Therefore, improving non-SMT
students’ Spanish listening skills at school would be important for alleviating non-SMT
students’ poor performance. The policy I evaluate in this section can be understood as a
second language program. I artificially change the students’ linguistic sorting across schools
to simulate an increase of non-SMT students’ interaction with native Spanish speakers,
which can result in non-SMT students’ Spanish comprehension improvement. Specifically,
this policy simulation look for evidence of what could have happened if SMT students would
have attended schools in rural areas, where the majority of non-SMT students attend.
I follow Heckman and Vytlacil (2005) to look for evidence of such a policy.21 It is worth
mentioning that by estimating the treatment eﬀect of a second language program using as
T
an instrument the students’ linguistic sorting across schools in the previous period, sSM
,
i ,t 1
the estimation procedure simulates only the non-SMT students’ Spanish learning process
and not any SMT students’ test score peer eﬀect. The SMT students’ simulated sorting
across rural schools is based on the following two rules. First, ten percent of SMT students
were taken from urban schools only if after taking these students, the school’s share of SMT
students is equal to or higher than 66 percent. This last percentage represents a uniform
sorting of non-SMT students across schools. Second, these selected SMT students were
uniformly distributed across rural schools only if these rural schools were located within a
15 kms. range of where the selected students were taken from.
Although the main objective of this section is to provide evidence of the eﬀect of Spanish
as a second language program on non-SMT students’ math performance, it is worth mentioning that the estimation approach for treatment eﬀect of a second language program has as a
sub-product the estimation of the marginal treatment eﬀect (M T E).22 Having an estimate
21

The policy relevant treatment eﬀect (PRTE) follows the work of Heckman and Vytlacil (2005), Carneiro
and Lee (2009), Carneiro et al. (2010) and Carneiro et al. (2010). The PRTE measures the test score’s gain
or loss given a change in the linguistic sorting at schools. In this chapter, the P RT E is defined as:

P RT E

=

E (yi,Z1 )

E (yi,Z0 ) =

Z Z

x u

M T E (x, u) · FP z0 |X (u)

FP Z1 |X (u) du·f (x)·dx

(3.11)

where Zi={1,0} is the students’ linguistic sorting across schools under an alternative policy, Z1 , and the
baseline policy, Z0 . The marginal treatment aﬀect (M T E), the family and school inputs distribution, f (x),
and the distributions FP Z1 |X (u) and FP Z0 |X (u) are non parametrically estimated following Carneiro and
Lee (2009).
22
In the estimation of MTE, I do not control for those variables that I treat as endogenous: students’
sorting across schools and their mother tongue use.
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for the marginal treatment eﬀect allows me to estimate the average language barrier eﬀect
following Basu et al. (2007), which controls for the students’ essential heterogeneity and
self-selection to not learn Spanish, which can bias the language barrier eﬀect on test scores.
Therefore, relaxing the OLS and IV assumption that the error term in the educational production function does not diﬀer by potential gains or losses of being treated. I, first, briefly
discuss this result. Then, I show the results for the treatment eﬀect of a second language
program.
The estimation of average treatment eﬀect provides two results: the average and marginal
language barrier eﬀect on test scores for a non-SMT student who is indiﬀerent between
learning Spanish.23 First, results for the average language barrier eﬀect on test scores are
shown in Table 3.11. Similar to Section 3.5, results indicate that non-SMT students’ lack of
Spanish comprehension aﬀects their performance on national math tests. If students report
as not being proficient in Spanish, their math scores would be lower by 1.428 standard
deviations than their counterparts. Second, Figure 3.2 depicts the marginal language barrier
eﬀect on non-SMT students’ test scores.24 The marginal language barrier eﬀect displays a
decreasing trend. The higher the probability of non-SMT students’ interaction with SMT
speakers, the less likely that non-SMT students do not understand Spanish. As a result,
the math test score increases. Non-SMT students who face a low probability of improving
their Spanish comprehension may be outperformed almost by 2 standard deviations by their
counterparts, while the those who can improve their Spanish proficiency will be around -0.5
standard deviations.
The results for the policy treatment eﬀect on non-SMT students’ test scores are presented
in Table 3.12. This table shows the eﬀect of a second language program by rural and
urban area, given that SMT students were moved from urban to rural schools. The first
row displays the policy eﬀect for non-SMT students who reside in rural areas. The policy
evaluation indicates that by improving students’ Spanish comprehension, non-SMT students’
achievement on math national tests increase, but the language barrier eﬀect is still significant,
-0.705 standard deviations. On the other hand, non-SMT students who attend schools in
urban areas are not aﬀected by the simulation of the policy (see second row). Although the
total eﬀect of the policy, third row, suggests that non-SMT students attending schools in
rural areas better perform in math test scores after the simulation, further research is still
needed to know how parents select schools in order to successfully implement this alternative
policy.
23

The support for local instrumental variable estimation is shown in the Figure A.1 in the appendix.
Recall that qi,t = 1 stands for whether non-SMT students’ reported not being proficient in Spanish
and zero otherwise. The propensity score gives the conditional probability that a non-SMT student is not
proficient in Spanish, qi,t = 1, when this student faces an exogenous shock, U . In this chapter, the higher
the probability of an exogenous shock, U , the less likely non-SMT students will report not being proficient
in Spanish.
24
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3.7

Conclusion

This chapter investigates whether students still face an obstacle or barrier in acquiring skills
while at secondary school in Guatemala, since 25 languages are spoken and Spanish is the
language of instruction in most of schools. The achievement on the national tests for nonSMT students is lower than their counterparts, and without any significant improvement
between elementary and high school. This achievement gap raises the question of whether,
or to what extent, the existence of a language barrier in school is a contributing factor.
The empirical analysis relies on the estimation of education production functions that
uses a value-added specification. Three estimation approaches are carried out for the math
value-added production function. The first noteworthy finding is that non-SMT students’
poor performance at school may be the result of their lack of Spanish proficiency. This
finding is robust to alternative estimation approaches. The estimates indicate that nonSMT students’ scores are at least 0.523 standard deviations lower than their counterpart
scores which explains a significant portion of the math test gap.
The second finding is that even after controlling for both distance from the school to
the main municipal city and for municipality fixed eﬀects, students’ linguistic sorting among
schools can explain non-SMT students’ lack of Spanish comprehension. This finding implies that parents’ enrollment decisions other than the regional distribution of non-SMT
population across Guatemala can be the root of non-SMT students’ language barrier.
Last, the policy simulation, artificially mixing SMT and non-SMT students in the same
schools in rural areas, provides evidence that non-SMT and SMT students’ integration could
help to alleviate the language barrier.
These three findings provide evidence that without government policy interventions, the
low human capital of the Guatemalan non-SMT population may persist indefinitely. Identifying the root of the non-SMT students’ language barrier may shed light for the needed
policy intervention to eliminate the language barrier at school and to improve the non-SMT
population’s well-being.
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3.8

Tables and figures

Table 3.1: Scores on standardized tests by Spanish vs. non-Spanish mother tongue students

Last grade in
Elementary school
Junior high school
High school
Average

Math test scores
Mother tongue
Non-Spanish (a)
Spanish (b)
0.19
0.25
0.32

Reading test scores
Mother tongue
Non-Spanish (a)
Spanish (b)

Gap (a-b)

0.12
0.14
0.11

0.31***
0.39***
0.43***
0.38

0.40
0.40
0.49

0.24
0.22
0.17

Gap (a-b)
0.64***
0.62***
0.66***
0.64

Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. Non-SMT students speak either one of the Mayan languages, or
Xinka or Garífuna languages as a first language. Test scores have a mean of zero and standard deviation of one at each grade. Test score means are calculated using all junior
high and high school students in this table. Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.

Table 3.2: Parents’ educational attainment distribution in Guatemala by mother tongue

Parental educational attainment
Lower than elementary
Elementary (grades 1-3)
Elementary (grades 4-6)
Junior high
High school
More than high school

SMT

Fathers
Non-SMT

21.1
25.3
28.5
9.8
10.2
4.9
100%

43.0
28.8
21.4
3.5
2.7
0.6
100%

SMT

Mothers
Non-SMT

30.6
24.0
24.1
8.0
10.0
3.3
100%

69.2
17.6
10.4
1.4
1.2
0.2
100%

Note: Spanish mother tongue (SMT) stands for people’ self-report of having Spanish as a first language. Non-SMT
people speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. The educational
system in Guatemala consists of 3 stages: elementary, junior high, and high school. The elementary stage, consists
of 6 grades and usually starts in the year the child turns 7, as the school year begins in January. The second and
third stages, junior high and high school, consists of three grades. Attendance to college means having more than
12 years of complete education. Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Authors’ calculation using the 2002 Guatemalan national census.

Table 3.3: Students’ grade progression from elementary to high school and their test scores

Location of elementary schools
Percentage of students in the elementary
school data who reached last grade of:
Junior high
High school
Students’ test scores in last grade of:
Junior high
Math score
Reading score
High school
Math score
Reading score

Students’ mother tongue
Spanish (62%(a) )
Non-Spanish (38%)
Urban (34%)
Rural (66%)
Urban (19%)
Rural (81%)

48%
33.9%

43.2%
24.3%

67.5%
45.5%

39.8%
21.4%

0.136
0.224

-0.034
-0.063

-0.056
-0.209

-0.252
-0.494

0.102
0.233

-0.082
-0.035

-0.094
-0.205

-0.281
-0.465

Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. Non-SMT students speak either one of the Mayan
languages, or Xinka or Garífuna languages as a first language. Test scores have a mean of zero and standard deviation of one at each grade.
(a) Percentages in parenthesis stand for the proportion of students who self-classify into this category. Number of students in the elementary school data
is 18,441.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.
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Table 3.4: Descriptive statistics of variables
Spanish mother tongue
Students’ variables
Do not understand Spanish (true=1)
Intensively speak non-Spanish mother tongue (true=1)
Family assets
Remittances at home (true=1)
Age
Gender (male=1)
Mother years education
Father years education
Number of read books in the last year
Number days read newspaper
School’s share with
Teacher’s reading perfomance (good)
Teacher’s reading perfomance (excellent)
Teacher’s reading training (good)
Teacher’s reading training (excellent)
Teacher’s math perfomance (good)
Teacher’s math perfomance (excellent)
Teacher’s math training (good)
Teacher’s math training (excellent)
School’s library (No)
School’s library (books)
School’s library (books-classroom)
School’s library (books-classroom-desks)
Train teachers with previous national tests
Give test scores to parents
Train students with previous national tests
Math classes per week (1-2)
Math classes per week (3-4)
Math classes per week (5-6)
Math classes per week (7-8)
Reading classes per week (1-2)
Reading classes per week (3-4)
Reading classes per week (5-6)
Reading classes per week (7-8)
Minutes per class (30-45)
Minutes per class (46-60)
Minutes per class (61-90)
Students preparation for math national test (No-less one month)
Students preparation for math national test (1-2 months)
Students preparation for math national test (more 2 months)
Students preparation for reading national test (No-less one month)
Students preparation for reading national test (1-2 months)
Students preparation for reading national test (more 2 months)
Students preparation for math national test (hours)
Students preparation for reading national test (hours)
Meetings for students’ performance (every 15 days)
Meetings for students’ performance (every 1 month)
Meetings for students’ performance (every 2 months)
Reading test at school (every week)
Reading test at school (every 1 month)
Reading test at school (every 2 months)
Math test at school (every week)
Math test at school (every 1 month)
Math test at school (every 2 months)

Mean

3.159
0.267
0.681
0.495
6.760
7.121
0.708
0.796
0.745
0.210
0.739
0.230
0.747
0.203
0.725
0.241
0.477
0.309
0.063
0.152
0.422
0.233
0.554
0.254
0.241
0.475
0.030
0.525
0.210
0.249
0.016
0.895
0.093
0.012
0.472
0.308
0.220
0.477
0.302
0.221
1.908
1.900
0.354
0.478
0.165
0.357
0.218
0.143
0.355
0.199
0.165

Std.

Non-Spanish mother tongue
School in urban area
Mean
Std.

Non-Spanish mother tongue
School in rural area
Mean
Std.

1.525
0.442
1.244
0.500
5.081
5.330
1.208
1.808

0.194
0.635
2.931
0.230
0.639
0.491
5.048
6.160
1.306
1.549

0.028
0.634
2.253
0.241
1.346
0.523
5.024
5.972
0.460
0.369

0.758
0.199
0.740
0.228
0.750
0.203
0.729
0.237
0.436
0.334
0.056
0.174
0.427
0.235
0.602
0.331
0.258
0.384
0.027
0.597
0.194
0.192
0.017
0.935
0.058
0.007
0.457
0.309
0.235
0.466
0.302
0.232
2.087
1.939
0.309
0.490
0.197
0.298
0.202
0.150
0.302
0.185
0.164

0.395
0.481
1.548
0.421
1.191
0.500
4.590
4.811
1.401
2.176

.166
0.482
1.491
0.428
1.401
0.500
4.806
5.331
1.058
1.293

0.750
0.194
0.776
0.183
0.745
0.192
0.747
0.199
0.635
0.250
0.039
0.075
0.377
0.225
0.321
0.163
0.296
0.518
0.023
0.397
0.257
0.313
0.033
0.786
0.200
0.014
0.640
0.243
0.117
0.642
0.247
0.111
1.759
1.784
0.423
0.420
0.153
0.503
0.233
0.147
0.475
0.219
0.189

Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language.
The variable Do not you understand Spanish? stands for non-SMT student’s self-evaluation of not being proficient in Spanish. This variable takes a value of one only if non-SMT students reported not being proficient in
Spanish and zero otherwise.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.
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Table 3.5: Distribution of SMT students across municipalities and non-SMT students’ mother
tongue use(a)

Municipal distribution
18%
14%
20%
48%

Percentage of
SMT students
0-25%
25-50%
50-75%
75-100%

Non-SMT students who
reported mother tongue use at
Junior high school
81%
54%
30%
17%

High school
75%
52%
31%
13%

(a) Way of reading the table: in 18% of municipalities (1) between 0 and 25% of SMT students reside, and (2) 81%
of non-SMT students speaks their mother tongue at junior high school.
Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. Non-SMT
students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. Guatemala is
geographically divided by more than 300 municipalities.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.

Table 3.6: Students’ selection in school progression and their test scores

Students’ average scores for
elementary school
junior high school
School’s average scores for
elementary school
junior high school

Students who attended school until the last grade in
Elementary school
Junior high school
High school
Reading
Math
Reading
Math
Reading
Math
-0.186

-0.123

0.016
-0.233

0.001
-0.134

0.367
0.155

0.250
0.089

-0.099

-0.058

-0.009
-0.148

-0.027
-0.082

0.194
0.098

0.128
0.055

Note: Test scores have a mean of zero and standard deviation of one at each grade. The student’s average scores are calculated using
only those sixth grade students who can be followed over grades. The school’s average scores are calculated using all junior high and
high school students in this table.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.

Table 3.7: Estimates of the eﬀect of a lack of Spanish comprehension (the language barrier eﬀect)
on students’ math test scores when controlling for student fixed eﬀects
Second stages for math production functions(a)
(1)
(2)
(3)
OLS
2SLS
2SLS
Do you not understand Spanish? (Ho : 3 > 0)
0.061**
0.346**
0.469*
Do you intensively speak a non-Spanish language? (Ho : 4 > 0)
0.032
0.099
0.121
0.029
0.246**
0.348**
3 + 4 (Ho : 3 + 4 > 0)
Obs.
3458
3393
3393
Instrumented variables
Do you not understand Spanish?
Yes
Yes
Sorting across schools(b)
Yes
Do you intensively speak a non-Spanish language?

(4)
2SLS
0.705**
1.192
1.897*
3393
Yes
Yes
Yes

Note: The dependent variable is the change of students’ math test scores over time. Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as
a first language. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. The variable Do not you understand
Spanish? stands for non-SMT student’s self-evaluation of not being proficient in Spanish. This variable takes a value of one only if non-SMT students reported not
being proficient in Spanish and zero otherwise. The variable Do you intensively speak a non-Spanish language? stands for non-SMT student’s mother tongue use. This
variable takes a value of one only if non-SMT students reported intensive use of their mother tongue and zero otherwise. Significant levels: *** at 1%, ** at 5%, and *
at 10%.
(a) All model specifications control for both all variables shown in Table 3.4.
(b) Models (3) and (4) treat both the sorting of students across schools with the bilingual program implemented, and the linguistic sorting of students across schools as
endogenous.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.
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Table 3.8: Estimates of the eﬀect of a lack of Spanish comprehension (the language barrier eﬀect)
on students’ reading test scores when controlling for student fixed eﬀects
Second stages for reading production functions(a)
(1)
(2)
OLS
2SLS
Do you not understand Spanish? (Ho : 3 = 0)
0.038
0.161
Do you intensively speak a non-Spanish language? (Ho : 4 = 0)
0.037
0.082
0.075
0.078
3 + 4 (Ho : 3 + 4 > 0)
Obs.
3458
3393
Instrumented variables
Do you not understand Spanish?
Yes
Sorting across schools (b)
Do you intensively speak a non-Spanish language?

(3)
2SLS
0.149
0.071
0.078
3393
Yes
Yes

(4)
2SLS
0.153
0.045
0.108
3393
Yes
Yes
Yes

Note: The dependent variable is the change of students’ reading test scores over time. Spanish mother tongue (SMT) stands for students’ self-report of having Spanish
as a first language. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. The variable Do you not understand
Spanish? stands for non-SMT student’s self-evaluation of not being proficient in Spanish. This variable takes a value of one only if non-SMT students reported not
being proficient in Spanish and zero otherwise. The variable Do you intensively speak a non-Spanish language? stands for non-SMT student’s mother tongue use. This
variable takes a value of one only if non-SMT students reported intensive use of their mother tongue and zero otherwise. Significant levels: *** at 1%, ** at 5%, and *
at 10%.
(a) All model specifications control for both all variables shown in Table 3.4.
(b) Models (3) and (4) treat both the sorting of students across schools with the bilingual program implemented, and the linguistic sorting of students across schools as
endogenous.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.

Table 3.9: Estimates of the eﬀect of a lack of Spanish comprehension (the language barrier eﬀect)
on students’ math test scores when controlling for both student fixed eﬀects and students’ innate
ability(a)
Second stages for math production functions(b)
(1)
(2)
OLS
2SLS
Do you not understand Spanish? (Ho : ⇡3 > 0)
0.065**
0.278*
Do you intensively speak a non-Spanish language? (Ho : ⇡4 > 0)
0.021
0.071
⇡3 + ⇡4 (Ho : ⇡3 + ⇡4 > 0)
0.043
0.207*
Obs.
3458
3393
Instrumented variables
Do you not understand Spanish?
Yes
Sorting across schools(c)
Do you intensively speak a non-Spanish language?

(3)
2SLS
0.443*
0.111
0.332*
3393
Yes
Yes

(4)
2SLS
0.659**
1.113
1.771*
3393
Yes
Yes
Yes

Note: The dependent variable is the change of students’ math test scores over time. Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as
a first language. Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. The variable Do you not understand
Spanish? stands for non-SMT student’s self-evaluation of not being proficient in Spanish. This variable takes a value of one only if non-SMT students reported not
being proficient in Spanish and zero otherwise. The variable Do you intensively speak a non-Spanish language? stands for non-SMT student’s mother tongue use. This
variable takes a value of one only if non-SMT students reported intensive use of their mother tongue and zero otherwise. Significant levels: *** at 1%, ** at 5%, and *
at 10%.
(a) Section 3.4.3 explains how to deal with students’ abilitiy.
(b) All model specifications control for both all variables shown in Table 3.4.
(c) Models (3) and (4) treat both the sorting of students across schools with the bilingual program implemented, and the linguistic sorting of students across schools as
endogenous.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.
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Table 3.10: Estimates of the eﬀect of a lack of Spanish comprehension (the language barrier eﬀect)
on students’ math test scores when controlling for students’ innate ability(a)
Second stages for math production functions(b)
(1)
(2)
(3)
(4)
(5)
OLS
OLS
2SLS
2SLS
2SLS
Non-SMT student ( 2 )
0.010
0.038
0.282***
0.329***
0.443**
Do you not understand Spanish? (Ho : 3 > 0)
0.042
0.110***
0.523*
1.523***
Do you intensively speak a non-Spanish language? (Ho : 4 > 0)
0.050*
0.206***
0.126*
0.118
0.092**
0.316***
0.649**
1.405***
3 + 4 (Ho : 3 + 4 > 0)
Obs.
9032
9032
9024
9024
9024
Instrumented variables
Non-SMT student
Yes
Yes
Yes
Do you not understand Spanish?
Yes
Yes
Sorting across schools(c)
Yes
Do you intensively speak a non-Spanish language?

Non-SMT father
Non-SMT mother
Non-SMT both parents
Proportion SMT students at school s in t

First stages for Do you not understand Spanish?(d)
(1)
(2)
(3)

1

SM T 2
si ,t 1

SM T
si ,t 1

Proportion SMT students surrounding school s in t
SM T 2
s,t

SM T
s,t

School proximity to main municipal city in t
School proximity
to main municipal city in t-1
P
P r (Ho : k z.k = 0)

First stages for Do you intensively speak a non-Spanish language?(e)
(1)
(2)
(3)

Non-SMT father
Non-SMT mother
Non-SMT both parents
Proportion SMT students at school s in t

1

SM T 2
si ,t 1

SM T
si ,t 1

Proportion SMT students surrounding school s in t
SM T 2
s,t

SM T
s,t

School proximity to main municipal city in t
School proximity
to main municipal city in t-1
P
P r (Ho : k z.k = 0)

(4)
0.018
0.032
0.063**
0.050***
0.017***
0.013
0.017**
0.389
0.014
0.00

(4)

(5)
0.021
0.029
0.067**
0.038***
0.017***
0.026
0.025***
0.383
0.010
0.00

(5)

(6)
2SLS
0.559***
1.084*
0.725*
1.809***
9024
Yes
Yes
Yes
Yes
(6)
0.012
0.032
0.049
0.080***
0.027***
0.010
0.017**
0.488*
0.000
0.00

(6)
0.032
0.012
0.068
0.162***
0.038***
0.062**
0.030**
0.399
0.038**
0.00

Note: The dependent variable is students’ math test scores. Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. Non-SMT students speak either one of
the Mayan languages, or Xinka or Garífuna languages as a first language. Significant levels: *** at 1%, ** at 5%, and * at 10%.
(a) Section 3.4.3 explains how to deal with students’ abilitiy.
(b) All model specifications control for all variables shown in Table 3.4, for municipal, rural area, school type, and year fixed eﬀects. Guatemala is geographically divided by more than 300 municipalities.
(c) Models (3) and (4) treat both the sorting of students across schools with the bilingual program implemented, and the linguistic sorting of students across schools as endogenous.
(d) The variable Do not you understand Spanish? stands for non-SMT student’s self-evaluation of not being proficient in Spanish. This variable takes a value of one only if non-SMT students reported
not being proficient in Spanish and zero otherwise.
(e) The variable Do you intensively speak a non-Spanish language? stands for non-SMT student’s mother tongue use. This variable takes a value of one only if non-SMT students reported intensive
use of their mother tongue and zero otherwise.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.

Table 3.11: Estimate of the eﬀect of a lack of Spanish comprehension (the language barrier eﬀect)
on students’ math test scores when controlling for students’ unobserved heterogeneity
Do you not understand Spanish?(a)

1.428***

Note: The dependent variable is students’ math test scores. Spanish
mother tongue (SMT) stands for students’ self-report of having Spanish
as a first language. Non-SMT students speak either one of the Mayan
languages, or Xinka or Garífuna languages as a first language. All
model specifications control for all variables shown in Table 3.4, and
for municipal, rural area, school type, and year fixed eﬀects. Guatemala
is geographically divided by more than 300 municipalities. This model
does not include those variables treated as endogenous, but includes
reading test scores as independent variables to control for students’
innate ability.
(a) The variable Do you not understand Spanish? stands for non-SMT
student’s self-evaluation of not being proficient in Spanish. This variable takes a value of one only if non-SMT students reported not being
proficient in Spanish and zero otherwise.
Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2010,
2013 and 2015 data.
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Table 3.12: Estimate of the eﬀect of a lack of Spanish comprehension (the language barrier eﬀect)
on students’ math test scores when simulating Spanish as a second language program by rural vs.
urban areas(a)
yz0 ,t |Rural area)
yz0 ,t |U rban area)
yz0 ,t |Rural area) + E (yz1 ,t

E (yz1 ,t
E (yz1 ,t
E (yz1 ,t

yz0 ,t |U rban area)

0.705***
0.001
0.704***

Note: The policy, z1 , artificially changes the students’ linguistic sorting across schools to simulate an
increase of non-SMT students’ interaction with native Spanish speakers, which can result in non-SMT
students’ Spanish comprehension improvement. This policy can be understood as a second language
program. Specifically, this policy simulation looks for evidence of what could have happened, in
terms of math test scores,yz1 ,t , if SMT students would have attended schools in rural areas, where
the majority of non-SMT students attend. Non-SMT students speak one of the Mayan, Xinka or
Garífuna languages as a first language.
Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language.
Non-SMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a
first language.
Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2010, 2013 and 2015 data.

Figure 3.1: Non-SMT students’ mother tongue use, self-evaluation of not being proficient in Spanish,
and their test scores

Proportion

Proportion of non-SMT students who reported mother tongue use and not being proficient in Spanish
0.4
0.2
0

0.1

0.2
0.3
0.4
0.5
0.6
0.7
0.8
Proportion of SMT students at school in t-1

Mother tongue use

Fitted values

Not proficient Spanish

0.9
Fitted Values

Test score

Non-SMT students’ average test scores
0.25
0.3
0.35
0

0.1

0.2
0.3
0.4
0.5
0.6
0.7
0.8
Proportion of SMT students at school in t-1
Average test scores

Fitted values

Note: Spanish mother tongue (SMT) stands for students’ report of having Spanish as a
first language. Non-SMT students speak one of the Mayan, Xinka or Garífuna languages
as a first language. This graph shows the average of math and reading test scores for
non-SMT students.
Source: Author’s calculation using the Ministry of education’s data.
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Figure 3.2: The marginal eﬀect of a lack of Spanish comprehension (the language barrier eﬀect) on
math test scores (MTE)
0.5
0

M T E(X)

-0.5
-1
-1.5
-2
-2.5

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

U
Note: Conditional on X, the graph depicts the average language barrier eﬀect on math
test scores for a individual who is indiﬀerente between improving or not his Spanish
comprehension. The higher the probability that unobserved factors reduce students’
lack of Spanish comprehension, U , the lower the language barrier eﬀect on math test
scores.
Source: Author’s calculation using the Ministry of education’s data.
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Chapter 4
The root of Guatemalan students’
language barrier: parental preferences
for school attributes or spatial
segregation of groups?
4.1

Introduction

In the development literature, educational achievement on school tests plays an important
role in explaining growth diﬀerences across countries (Hanushek and Woessmann, 2012a).
In fact, the perceived Latin American low growth puzzle is also resolved by educational
achievement (Hanushek and Woessmann, 2012b). On the other hand, a number of papers find
that social conflicts resulting from antagonism between ethnic groups (ethnic polarization)
aﬀects countries’ development through investment.1 Other empirical papers use country’s
ethnolinguistic composition or inequality as a proxy of ethnic polarization and find a negative
and significant impact on either growth or educational attainment.2 While the development
literature finds evidence that all the above factors may aﬀect countries’ development, there is
little empirical evidence to support how ethnic polarization and a country’s ethnolinguistic
composition or inequality may interact to aﬀect educational achievement and, therefore,
growth through other mechanisms rather than conventional mechanisms of investment or
government’s provision of public goods (Montalvo and Reynal-Querol, 2005a).
1

For example, Montalvo and Reynal-Querol (2002) construct a variable that represents the distance across
groups (ethnic polarization). The authors find evidence that countries with a highly polarized population
are more likely to have social conflicts. These social conflicts aﬀect countries’ long run economic growth
through investment or government consumption.
2
See Burgess et al. (2015), Alesina et al. (2016), and Montalvo and Reynal-Querol (2005a) for instance.

66

To help interpret how ethnic polarization may interact with a society’s ethnolinguistic
composition, I estimate a model of demand for junior high schools in Guatemala in which
parents consider schools as diﬀerentiated products. In particular, I allow for the degree
of diﬀerentiation across schools to depend on characteristics of other parents who select the
school in equilibrium. This school diﬀerentiation is in line with the international literature for
school choice. For instance, Caetano and Maheshri (2017) find in their study for Los Angeles
that parents select schools where other parents are of the same race. This relationship is
stronger in the higher grades. Carneiro et al. (2016) find evidence that, in Pakistan, the
lower the mother’s educational attainment, the higher her preference for selecting a school
where mothers have a similar level of education. Burgess et al. (2015) show that, in England,
parents prefer schools where students have English as an additional language. Therefore,
parents’ school selection may play an important role in creating group segregation at school,
which may lead students to have poor educational achievement at school.3 In a polarized
society, parents may have preferences for a school’s race or language composition, which lead
to linguistic segregation across schools.
The determinants of schools’ linguistic composition are important to identify to observe
whether parents’ enrollment decisions show the eﬀect of a polarized population: preferences
for race or language. This appears to be a first-order issue for countries where more than
one language is spoken. Guatemala has 25 ethnolinguistic groups, and about 60 percent of
the total population has Spanish as a mother tongue (SMT). Spanish is the predominant
language of instruction at secondary school.
Guatemala is an interesting country to address the gap of how ethnic polarization may
interact with a society’s ethnolinguistic composition. Guatemala has a polarized population, an ethnolinguistic composition which is close to the average world, and ethnolinguistic
inequality (Desmet et al., 2018; Alesina et al., 2016; Montalvo and Reynal-Querol, 2005b).
The 2005 report of the United Nations Development Program (UNDP) explains that, in
Guatemala, there exists discrimination that mainly aﬀects the indigenous population and
that the existence of such practices may be due to either power, race, culture or social status. If there exists antagonism among ethnic groups in Guatemala, parents might prefer to
sort their child into schools where parents or students have a similar race or language. This
ethnolinguistic sorting in schools is hindering non-SMT students’ Spanish comprehension (a
language barrier) as shown in Chapter 3, which may have short and long-term consequences
for the Guatemalan non-SMT population.
This linguistic sorting of students across schools is aﬀecting non-SMT students’ educational achievement. Table 4.1 shows standardized test scores for grade six students in 2010
by mother tongue.4 The low performance of non-SMT students is persistent from the lower
3

For instance, Hanushek et al. (2009) find that racial composition at school aﬀects students’ educational
achievement.
4
Test scores are standardized to have a mean of zero and standard deviation of one at each grade. Test
scores represent students’ school performance in the last year of elementary, junior high, and high school.
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to the higher grades and does not show any significant improvement. For instance, some
studies for Guatemala argue that the low educational achievement of non-SMT students is
due to either schools’ lack of a bilingual education program or books in non-Spanish languages (Marshall, 2009; Patrinos and Velez, 2009), and students’ lack of interaction with
people proficient in Spanish as Chapter 3 indicates.
Furthermore, the long-term consequences of non-SMT students’ language barrier may be
driving the non-SMT population’s low educational attainment and, therefore, poverty. The
2002 Guatemalan census (see Table 4.2) shows the education levels of SMT and non-SMT
parents with a 2-year-old child in 2002.5 The numbers clearly reveal the lower education
level of non-SMT parents, especially mothers.6 In the context of poverty or inequality, the
World Bank reported in 2009 indicates that Guatemala has one of the highest inequality
rates in Latin America and some of the worst poverty, especially in rural and indigenous
areas. This is also observed in the 2014 Guatemalan national survey. The survey shows
that, on average, SMT workers earn about 37 percent more than non-SMT workers who still
intensively speak their non-Spanish mother tongue. However, this gap is reduced to close to
6 percent for non-SMT workers who frequently speak Spanish.
The determinants of schools’ linguistic composition are relevant to examine for Guatemala
given the language barrier’s existence and its possible long-term eﬀects on non-SMT students.
Specifically, this chapter looks for evidence of whether non-SMT parents have preferences for
schools where other parents have a similar mother tongue, which can reflect social polarization associated with antagonistic feelings between groups. Ultimately, if antagonistic feelings
between groups exist in Guatemala as the Guatemalan literature suggests, such a behavior
must come from an underlying mechanism. While distinguishing such an underlying mechanism may be of interest per se, the main objective in this chapter is only to analyze parent’s
enrollment decisions. Therefore, with a polarization eﬀect in this chapter I just mean the
lack of interaction between non-SMT and SMT groups as measured by parental preferences
to sort students by mother tongue.7
To identify the determinants of schools’ linguistic composition, this chapter empirically
examines parents’ enrollment decisions for junior high schools in 2013 as in Carneiro et al.
(2016) and Bayer and Timmins (2007). In Guatemala, a parent can enroll their child at
any school. However, parents’ enrollment decisions may depend not only on their own
characteristics and on school attributes, but also on other parents’ characteristics that select
the school in equilibrium. Furthermore, non-SMT parents may prioritize schools in which
5

This distribution may potentially represent the parents’ educational distribution of junior high students
at school in 2013.
6
The Guatemalan civil war may have also played an important role in shaping the Guatemalan education
attainment distribution, as discussed in Chamarbagwala and Morán (2011).
7
In Section 4.5, I briefly discuss the possible underlying mechanism for antagonism among ethnic groups
in Guatemala. The Guatemalan civil war aﬀected the most the indigenous population (Chamarbagwala and
Morán, 2011). I find that the higher the number of victims of the civil war in a specific region, the higher
the parental preferences to sort students by mother tongue.
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their child is likely to speak/learn Spanish, since Spanish is the predominant language of
instruction at schools and communication at jobs. I include as a school attribute the child’s
probability of speaking a non-Spanish language at school. The estimation of a model of
demand for schools allows me to control for all the above factors. Then, I document whether
the root of the language barrier is specifically due to non-SMT parents’ preferences for
people with a similar mother tongue, or just the result of spatial segregation of groups. In
this chapter, spatial segregation stands for household home-to-capital city proximity and
school-to-nearest municipal city proximity.8
The data comes from the Ministry of Education (Mineduc) of Guatemala. This dataset
contains household and student data in the last grade of junior high in 2013 such as parents’
educational attainment and students’ mother tongue. Additionally, Mineduc also collects
detailed data about schools such as infrastructure and number of classes per week. Similar
to the international literature, this dataset allows me to control for distance, peer eﬀects and
school fees.
Two features are important to highlight from the dataset in this chapter, since it is possible to identify which students attend which schools. First, the school-level data represents
a household census of school choice which allows me to construct shares of enrolled students at school or to construct indices that represent the characteristics of the student body
of each school, such as average test scores or shares of non-SMT students. Second, both
school’s shares of enrolled students and household-level data allow me to estimate parents’
preferences for school attributes that depend on other parents’ characteristics.
The estimation of a model of demand for diﬀerentiated schools for junior high students in
Guatemala allows me to make three contributions to the literature. First, the development
literature has shown that ethnic polarization aﬀects economic outcomes such as growth via
its eﬀect on investment or government’s provision of public goods. This chapter contributes
to this literature by showing evidence of an alternative mechanism by which ethnic polarization and a country’s ethnolinguistic composition interact to aﬀect growth: ethnolinguistic
segregation at school. In countries where more than one language is spoken, parents’ preferences to segregate themselves by mother tongue can contribute to linguistic segregation
at school. Then, not being proficient in the language of instruction at school may hinder
human capital development which aﬀects both growth and ethnolinguistic inequality.
Second, in the context of Guatemala, a school’s ethnolinguistic composition is a prominent channel for students’ language barrier (see Chapter 3). As a result of this language
barrier, non-SMT students who are mostly taught in Spanish show low educational achievement at secondary school. This fourth chapter sheds light on the source of this language
barrier. I contribute to the Guatemalan literature by showing that non-SMT parents value
8

Guatemala is geographically divided by departments, and departments by municipalities. In total
Guatemala has 22 departments and 337 municipalities. Municipalities contain both rural and urban areas.
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schools in which their child is likely to speak/learn Spanish. However, non-SMT parents prefer to sort their child into schools where other parents have a similar mother tongue. This
finding may be the root of the non-SMT students’ language barrier. This latter preference
dominates the former as we move away from the Guatemalan capital city, which leads to
both spatial and linguistic segregation at school.
Third, a number of papers in the school choice literature find that key determinants of
parental enrollment decisions are household home-to-school distance and school fees. Based
on these determinants, these papers propose policies such as subsidies or cash transfer programs to increase educational attainment. However, targeting a cash transfer program to
non-SMT parents may not eliminate non-SMT parents’ preferences for their own mother
tongue, keeping linguistic segregation at school. This chapter contributes to the school
choice literature by recommending a policy to promote ethnolinguistic integration at rural
school where the majority of non-SMT students attend. I calculate, in terms of school attributes, the compensation that SMT parents should receive if they enroll their child into
their nearest rural school instead of their optimal urban school. I show that some school
attributes that SMT parents value are school infrastructure and which classes are oﬀered.
However, the most important school attribute for SMT parents is school quality as measured
by test scores.
The next section describes both the Guatemalan education system and the data. Section
4.3 presents the parents’ school choice model and the estimation approach. How parents infer
their child’s expected mother tongue use at school is discussed as well. The main findings
are presented in Section 4.4. In Section 4.5, I discuss a policy recommendation for school
choice and last, I conclude.

4.2

The Guatemalan education system and the data

The Guatemalan education system can be divided into four school types: public, private,
cooperative, and municipal. Public schools are completely managed by the Ministry of Education (Mineduc), and only public schools are free. Private schools are profit maximizing.
Municipal schools are managed by local governments rather than by Mineduc. Finally, in
cooperative schools, the schools’ administration is formed by parents and the local government. Regardless of the school type, the curriculum and all syllabi are designed by Mineduc,
and all schools are required to cover the Mineduc curriculum.
In 2013, Mineduc tested grade nine students in math and reading. Concurrently, students
completed a survey which asked questions about school, family inputs and house infrastructure. In addition to the student-level data, school-level data are available for schools in 2013
as well. Principals provide information in the following areas: 1) school infrastructure, 2)
school test frequency and 3) the students’ preparation for the national tests. Both datasets
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contain a school code variable that allows matching of students to schools.
The literature about students’ sorting across schools has shown three main factors that
influence parents’ school choice: distance to school, peer eﬀects, and fees.9 To construct the
variable home-to-school proximity, I employ the latitude and longitude coordinates of both
students’ home and junior high schools to calculate a measure of home-to-school distance in
kms. However, I rescale this home-to-school distance.10 A value of one means that students
live near by the school, whereas a value of zero represents the highest distance observed in
the dataset.
A particular characteristic of the Guatemalan education system is that parents can choose
any school for their children. So, depending on parents’ preferences for school characteristics
such as a school’s distance from home, parents select the best school given their own characteristics. Table 4.3 shows the average distance that students who live in rural areas travel
to their schools conditional on family income and their home’s proximity to the capital city.
The table clearly reveals that the closer students live to the capital city, the lower both the
distance from home to school and its dispersion. On average, those students who live near
the capital city travel around 3.21 kms while those living far from the capital city travel
8.06 kms. A second feature displayed in this table is the role of family income on parents’
school selection. Families with high income show greater dispersion, in terms of distance,
than families with low income when selecting schools. Furthermore, among families with
high income, this dispersion is greater for students living far away from the capital city than
for those students living in the capital city. I control for family income in the estimation.
Then, one potential determinant of the language barrier may be spatial segregation of
groups given that families with low socio-economic status cannot commute to places where
Spanish is commonly spoken. Guatemala is geographically divided by departments and,
then, by municipalities. Each municipality contains both rural and urban areas. Table 4.4
shows the share of non-SMT students who reported mother tongue use, for both junior high
and high school, by municipalities’ SMT student share. This table indicates that the higher
the municipalities’ SMT student share, the lower the proportion of non-SMT students who
reported mother tongue use. For example, 32 percent of municipalities have less than 50
percent of SMT students at school, and in these municipalities more than 52 percent of
non-SMT students reported using their non-Spanish mother tongue. Therefore, non-SMT
students’ linguistic sorting across municipalities may be an important factor influencing their
Spanish proficiency. In the estimation I control for both school fixed eﬀects and departmental
9

A drawback in this dataset is that family income and school fees are not observed. To overcome this, I
employ the 2014 Guatemalan national survey to construct these variables. See appendix for details.
10
As a proxy of students’ home location, I use schools’ location where students attended grade six at
public schools (last grade of elementary school). I assume grade six students live near by their schools.
In Guatemala, public schools are diﬀerent for elementary and secondary students. Then, these grade six
students had to attend diﬀerent schools at grade nine. The student-level data in this chapter includes only
those students that I can observe in grade six at public schools and that I follow to grade nine. I rescale
distances for computational purposes.
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fixed eﬀects.
If a language barrier exists as a result of municipalities’ demographic characteristics,
then parents may consider a school with the bilingual education program. In Guatemala,
schools with the bilingual program have helped elementary non-SMT students. The aim
of this program is to improve educational outcomes for non-SMT students such as increasing the likelihood of grade progression and reducing drop-out rates (Rubio, 2004). Some
studies find that this program positively aﬀects outcomes for non-SMT elementary students
(Marshall, 2009; Rubio, 2004; Enge and Chesterfield, 1996); however, the program is mainly
targeted towards students in the first three grades of elementary schools. Therefore, very
few secondary schools oﬀer a bilingual education program. For instance, less than 2 percent
of junior high students attend schools with a bilingual education program. The bilingual
education program is one possible school attribute parents might consider when choosing a
school. In the estimation, I control for both bilingual education program at school and also
for principal’s non-Spanish language use.
The dataset contains a rich set of school attributes to control for in the estimation of
the model. Controlling for many variables dramatically increase the computational burden.
Therefore, I perform a data reduction by principal component analysis and employ the first
component or index in the model estimation.11 I group school attributes to construct six
school quality indices: teachers, courses, classes, infrastructure, discipline, and distraction.12
In short, the teacher quality index consists of the principal’s perception of the teachers’
ability to teach. The course index represents the type of courses that schools oﬀer such as
English or computation. The classes quality index incorporates variables such as number
of classes per week and minutes per class. The infrastructure index includes variables like
school’s construction, ventilation and areas to practice sports. The second to last index is
school discipline. This group has variables such as how many times students are tested at
school, how often principals supervise teachers, and whether principals have improved their
teachers’ supervision. Finally, a school’s index for distraction uses variables such as school
temperature and noise.
Table 4.5 gives a description of both family and school variables. This table indicates
that 20 percent of households have two non-SMT parents while just 5 percent have only
one SMT parent. Similar to the Guatemalan educational distribution (see Table 4.2), in
this chapter, parents also show a low educational attainment, especially for mothers. In
this table, the family income variable is standardized so that a value of zero represents the
average family income in the capital city. Households, on average, have a family income of
0.57 standard deviations lower than a representative family income in the capital city. The
last family variable, home-to-capital city proximity, indicates that, on average, families do
not reside in the capital city.
11

I only include the first component due to the computational burden during the estimation. By adding
the second component for all indices, the number of extra parameters to estimate is 64.
12
See appendix for details.
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Regarding school attributes, only 1.9 percent of schools have an established bilingual
program. Private schools represent about 32.5 percent of all junior high schools, and 48.1
percent of all schools are located in rural areas. Interestingly, on average, school are closer to
the capital city than students’ home. In the table, school quality indices are also standardized
so that a value of zero represents the average quality located in the capital city. All school
indices are at least 0.28 standard deviations below the average school quality index in the
capital city. The last group of variables indicates that parents, on average, pay Q103 ($13.30
USD) per month for non-public schools, and school test scores are 0.11 standard deviations
below the average test score in the capital city.13 The household’s average educational
attainment at school is seven years (one year more than elementary school).14 The last three
variables indicate that, on average, 24.6 percent of students still speak their mother tongue
language rather than Spanish. On average, 38.4 percent of students have a non-Spanish
mother tongue at school. Lastly, the percentage of non-SMT parents at school is 26.3, on
average.

4.3

Model

In this section I first describe the model to understand parents’ enrollment decision for their
child. Then, I explain how the model is estimated, and the key features of data that makes
possible the estimation of the model. Last, I discuss the assumptions I make to control for
parents’ priority for their child’s non-Spanish language use.

4.3.1

Parents’ school choice problem

Parents can choose any school for their child in the Guatemalan education system. So,
depending on parents’ preferences for school attributes, parents select the best school to
enroll their child. However, these preferences may diﬀer across parents due to parents’ own
characteristics.
In the model, a parent sorts their child into a school based on the attributes of the school.
Specifically, a parent p faces a school choice set indexed by s = 1, ..., S. For each school,
a parent observes both school attributes that are exogenous, Xs = [xs,1 · · · xs,J ], and also
school attributes that are endogenous or that result from an equilibrium, s = [ s,1 · · · s,L ]
such as the share of non-SMT students. In addition to these school attributes, Xs and s ,
parent p also has preferences for both home-to-school proximity, dp,s and the Guatemalan
department at which the school is located, D . These departmental dummy variables may
13

The abbreviations Q and USD stand for Quetzales and US dollars, respectively.
Relative to an exchange rate of Q7.75 per $1 USD, the schools fees would be about $13.30 USD.
14
I define the household’s educational attainment as the highest educational attainment between parents.
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capture parents’ preferences for other school attributes that are fixed at departmental level.
Furthermore, a parent can derive utility from unobserved school attributes as well. I assume
that a parent has unobserved preferences that are common across parents, ⇠s , and parent
specific, ⇠p,s , for school s. I assume that ⇠s are invariant to the school decisions made by
the parents in the model since s controls for school attributes resulting from an equilibrium
process.
A parent derives utility for a school by weighting its school attributes Xs and s . These
weights stand for the parent’s preferences for school attributes. Let p,j be the preference
for the school’s exogenous attribute j, and ↵p,l be the preference for the school’s endogenous
attribute l, respectively, for parent p. I assume that the parent’s preference for the school
attribute j, p,j , consists of two parts: a common preference across parents j , and a parentspecific preference which depends on parent’s observed and unobserved characteristics, Zp =
[zp,1 · · · zp,K ] and ✏p , respectively. I make the same assumption for ↵p,l . See Table 4.5 for a
description of both household and school variables.
Given preferences for school attributes, the utility that parent p derives from school s is
given by:

Up,s =

J
X

xs,j

p,j +

j=1

p,j

=

j+

↵p,l = ↵l +

L
X

s,l ↵p,l

+ dp,s +

D

+ ⇠s + ⇠p,s

(4.1)
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K
X

k=1
K
X

zp,k

k,j

+

u
j ✏p

zp,k ↵k,l + ↵lu ✏p .

(4.2)
(4.3)

k=1

The parameters p = [ p,1 · · · p,J ], ↵p = [↵p,1 · · · ↵p,L ] and capture the parent’s preferences for exogenous and endogenous school attributes, and home-to-school proximity, respectively. Parameters ju and ↵lu stand for preferences from a parent’s unobserved characteristics.
Reorganizing the parent’s total utility for school s, Up,s , into three types of utilities: (1)
school mean utility, s , (2) utility from parents’ observed characteristics, p,s , and (3) utility
from parents’ unobserved characteristics, p,s , then the system can be rewritten as:
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Equation 4.4 indicates the total utility that parent p would derive for school s. Then, the
probability that parent p chooses school s is P r (S = s) = P rob (⇠p,r < Up,s Up,r + ⇠p,s 8r 6= s).
To represent parent’s utility function as a conditional logit model, the parent’s unobserved utilities for schools, ⇠p,s , do not have to be correlated over school alternatives. By
treating parent’s mean utilities, s , as school fixed eﬀects in equation 4.4, parent’s unobserved
utilities, ⇠p,s , are not correlated with any unobserved attributes of schools, ⇠s .15 Therefore, I
assume that ⇠p,s follows an independent and identically distributed extreme value type one
distribution to represent the parent’s utility function as a conditional logit model:

P r(S = s | Xs ,

s , Zp , ✏s ) =

e
S
P

s + p,s + p,s

.
e

(4.8)

g + p,g + p,g

g=1

Equation 4.8 gives the probability that parent p selects the school s for their child i given
both observed ( p,s ) and unobserved ( p,s ) characteristics of the parent (equations 4.6 and
4.7), and school mean utility, s .

4.3.2

Estimation of the random coeﬃcient model

Estimation of the model consists of two steps given both the representation of the parent’s
utility function as a conditional multinomial logit model, and also that school-specific constants in the multinomial logit model control for any school fixed eﬀect on parents’ utility
15

The distributional assumption of ✏p does not have any eﬀect on the representation of parent’s utility
function as a conditional logit model since ⇠p,s is not correlated over school alternatives for parent p.
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(Carneiro et al., 2016; Bayer and Timmins, 2007).16
In the first step, the estimation procedure is similar to standard discrete choice estimation, in which parameters in equation 4.8 are chosen to best fit the observed choices made
by parents in the data. The diﬀerence with standard discrete choice estimation is that at
each iteration of the optimization algorithm, the parent’s unobserved characteristic, ✏p , is
integrated out from equation 4.8. I assume that ✏p follows a standard normal distribution.17
In this step, I estimate parameters that determine utilities from observed ( p,s ) and unobserved ( p,s ) characteristics of the parent (equations 4.6 and 4.7), and also school-specific
constants in the multinomial logit model.18 The constants stand for the parents’ mean utility
for schools, s .
An important feature of the dataset in this chapter is that this represents a household
census of school choice. Therefore, it is possible to equate both observed and simulated school
shares of enrolled students to recover school-specific constants or parents’ mean utilities, s ,
by using the contraction mapping procedure proposed in Berry (1994). By doing so, not
only the computation burden is reduced, given the 2495 schools I consider in this chapter,
but also school-specific constants are accurately estimated since the student-level dataset
includes about 11 students per school.19
The estimates of parents’ preferences for school attributes are sensitive to unobserved
school attributes. This means that any school attribute that parents consider such as those
resulting from an equilibrium, s , may be correlated with unobserved school attributes, ⇠s .
Therefore, in the second step, I confront the fact that school attributes resulting from an equilibrium process, s , are endogenous. This stage uses the estimated vector of school-specific
constants, s , school attributes and instruments to estimate all parameters in equation 4.5
that represent parent’s mean preferences for school attributes, , ↵ and D , via two stage
least squares (2SLS).20 The estimation of parents’ mean preferences for school attributes
through 2SLS allows me to estimate unbiased preferences due to unobserved or measurement errors in school attributes, even without making any distributional assumption on
16

An assumption in the estimation approach is that the probability that an equilibrium is selected is not
aﬀected by any individual’s particular tastes.
17
To calculate the mixed logit probability P r(S = s | Xs , s , Zp , , ↵, , ), I use a 7-point
R Gaussian
quadrature rule. The mixed logit probability is given by: P r(S = s | Xs , s , Zp , , ↵, , ) = P r(S = s |
Xs , s , Zp , ✏p , , ↵, , )f (✏p ) d✏p , For instance, the parent’s preference for exogenous school attributes is:
✓
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k=1

The parameters of the model are globally identified under the regularity conditions that are generally required for standard discrete choice. This is because the mixed logit probability, P r(S = s |
Xs , s , Zp , , ↵, , ), is a weighted average of the logit formula evaluated at diﬀerent values of ✏p , with
the weights given by density f (✏p ).
19
In the estimation, I do not calculate derivatives for school-fixed eﬀects.
20
Parameters in equation 4.5 (mean preferences) are identified under conditions that are generally required
for linear regression models. However, note that in equation 4.8, the vector of parameters s is estimated
rather than observed in the data, which depend on the distribution of ⇠p,s .
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⇠s .
I construct two types of instruments. The first set of instruments follows the industrial
organization literature and Caetano and Maheshri (2017). The industrial organization literature indicates that the demand for school s may be aﬀected by any quality change of
surrounding schools. Therefore, attributes of surrounding schools may be potential instruments for endogenous attributes, s , of school s. In this fashion, I employ the average quality
of surrounding schools, ¯ s , as an instrument for school s. These instruments are weighted
by distance. Additionally, Caetano and Maheshri (2017) take advantage of students’ linguistic grade composition for a particular school across time to identify parents’ preferences
for school attributes. The underlying economic framework is that parents may form their
expectations for a school’s ethnic sorting from previous periods when making an enrollment
decision. This can create a parent’s positive-feedback mechanism that may keep or change
a school’s ethnic composition through time.
In the context of Guatemala, parents may expect a 65 percent of SMT students at school
since this percentage represents a uniform sorting of these students across schools. Therefore, I standardized schools’ shares of SMT students so that a value of zero represents a
uniform sorting of SMT students across schools. Positive values indicate a higher share of
SMT students relative to the uniform sorting. Following the industrial organization literature, I construct the instrument ¯ s,smt by averaging the standardized share of SMT students
in surrounding schools. Similar to Caetano and Maheshri (2017), I employ ¯ s,smt,2013 and
¯ s,smt,2010 and their interaction as instruments for the school’s share of non-SMT students,
s,nsmt . For instance, if ¯ s,smt,2010 is positively correlated with the share of non-SMT students, this correlation may imply that households are forming their expectations for schools’
ethnic composition from previous periods to sort their child.
Similar to Carneiro et al. (2016) and Bayer and Timmins (2007), the second set of
instruments represents the predicted shares of non-SMT parents at school. The assumption
is that by using only exogenous school attributes, the model can compress in one index
or instrument the attributes of surrounding schools.21 To do so, and given estimates for
parents’ heterogeneous preferences (parameters in equation 4.8), first I simulate parents’
school choice model with the parameters of the endogenous variables, s , parents’ unobserved
characteristics, ✏p , and school-specific constants, s , equal to zero. The estimated schoolspecific constants, s , include the eﬀects of unobserved school attributes. Then, I calculate
the expected share of non-SMT parents at each school, and I employ this new variable as
an instrument to get consistent estimates for the vector of parameters . Secondly, with
the consistent estimates for from the previous step, I calculate a mean utility, bs , that
contains only the eﬀect of exogenous school attributes. Then, I simulate the model with bs
21

Bayer and Timmins (2007) explain that many functional forms can be use to construct instruments.
By using the parents’ probability of selecting a school, variation in the instrument is determined in part
by nonlinearities implied by the assumption about the error distribution, ⇠p,s . However, variation in the
proposed instrument also relies on the interaction of individual characteristics with school attributes.
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to construct new instruments and employ 2SLS again.

4.3.3

Parents’ priority for their child’s non-Spanish language use

In Guatemala, an important school attribute for parents may be whether their child speaks/learns
Spanish or not at school, since Spanish is the predominant language of instruction at schools
and communication at jobs. This is a school attribute that parents have to infer when
considering schools given that friendships are stronger intra-race.22 For instance, non-SMT
parents may prefer schools where the number of non-SMT students is low. Then, parents’
expectation for their child’s non-Spanish language use at a potential school may be based on
school attributes, such as the share of non-SMT speakers. Parents may use this expectation
and, concurrently, with other school attributes, when deciding which school to enroll their
child.
To control for a parent’s expectation for their child’s non-Spanish language use in equation
4.4, I first estimate a logit model for students’ non-Spanish language use as a function
of parents’ characteristics and school attributes, and conditional on schools where these
students attended. Then, for each school, I employ the logit model to calculate the student’s
probability of speaking a non-Spanish language, and I use this probability as the parent’s
expectation.
Specifically, if I observe whether the student i reports speaking their non-Spanish language, mi = 1, I assume that the student’s utility is larger or equal to 0. Otherwise, mi = 0
and student’s utility is lower that zero. I also assume an additive utility framework, where
the characteristics Xs , s and Zp may aﬀect a student’s utility to speak their mother tongue.
Let s,m be the share of non-SMT students who reported non-Spanish language use at school
s, s, m be all other endogenous school attributes in this chapter, and X = [Xs , Zp , s, m ],
then utility function of student i, Ui,m , is given by:

Ui,m = X

0

+

s,m 1

+

s,m X 2

+ ⇠i,m .

(4.9)

The vector of parameters 0 and 2 , and the parameter 1 stand for students’ preferences
for speaking their non-Spanish mother tongue. The vector of parameters 2 in equation 4.9
allows me to observe if there exists complementarity between the school’s share of non-SMT
speakers and other school and household’s variables.
I assume that ⇠i,m follows an extreme value type one distribution to represent students’
22

For instance, see Fruehwirth (2013), Hanushek et al. (2009), and Marmaros and Sacerdote (2006).
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utility function as a logit model.23 Therefore, I estimate this logit model for students’
non-Spanish language use as a function of parents’ characteristics and school attributes.
Then, conditional on estimates and parents’ characteristics, the parent infers their child’s
non-Spanish language use at each school by observing school attributes and calculating the
child’s probability of speaking a non-Spanish language at school:

E (mi | Xs ,

s , Zp )

= P r (mi = 1 | Xs ,

s , Zp ) .

(4.10)

I include this parent’s expectation for their child’s non-Spanish language use, E (mi | Xs , s , Zp ),
in the parent’s utility function as an additional school attribute when estimating the random coeﬃcient model. Equation 4.6 includes this extra term ✓E (mi | Xs , s , Zp ), where the
parameter ✓ represents the parent’s priority for their child’s expected non-Spanish language.

4.4

Results

A language barrier can appear if non-SMT students are not surrounded by people proficient
in Spanish. Therefore, to find out the underlying mechanism (parents’ preferences) that
influences students’ linguistic sorting across schools, I first discuss students’ preferences for
speaking their non-Spanish mother tongue (parameters in equation 4.9). Then, I analyze
parents’ mean preferences for school attributes (parameters in equation 4.5). Lastly, I discuss
parents’ heterogeneous preferences for school attributes, p,s and p,s .

4.4.1

Students’ preferences for speaking a non-Spanish language

In this section, I interpret students’ preferences for speaking a non-Spanish language (parameters in equation 4.9). The dependent variable in the logistic regression takes a value of
one if non-SMT students reported frequent use of their mother tongue and zero otherwise.
The independent variables are grouped by either family or school variables. Among family
variables, I consider the following variables to influence students’ non-Spanish language use:
parents’ educational attainment, family income, child’s gender, whether the student has one
or two non-SMT parents, and the students’ home proximity to the capital city.
On the other hand, school attributes may heavily aﬀect student’s decisions as well. I con23

After controlling for school attributes and family characteristics, I assume that the student’s unobserved
portion of utility, ⇠i,m , in equation 4.9 are not correlated between alternatives. This means that any parental
influence on a student’s language decision is entirely controlled for a parent’s characteristics. Therefore,
variables ⇠i,m , ⇠p,s and ✏p are independent one from each other.
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sider as main determinants whether schools have a bilingual program implemented, whether
principals speak a language other than Spanish, and the school’s share of non-SMT students
who reported non-Spanish language use (non-SMT speakers), s,m . In addition to these variables, I employ school quality indices and the average test scores at each school to control
for the degree of quality of the school. For example, if high quality schools, as measured by
test scores, frequently evaluate students, this may force non-SMT students to rely on their
mother tongue to learn a subject if they are not yet proficient in Spanish. Finally, I control
for whether the school is located in a rural area and for the school’s proximity to the nearest
main municipal city.
In short, the results indicate that variables that heavily aﬀect non-SMT students’ utility
to speak their non-Spanish language, as measured by the coeﬃcients’ magnitude, are school
test scores, the school’s share of non-SMT speakers, s,m , and their interaction. These
coeﬃcients are statistically significant even when controlling for family variables. The higher
both the school test scores and the share of non-SMT speakers at school, the higher the
probability for non-SMT students’ mother tongue use. Furthermore, this probability is even
higher if both parents have a non-Spanish language as a mother tongue, while the opposite
happens with only one non-SMT parent.
Table 4.6 displays students’ preferences for speaking a non-Spanish language. First, I
discuss the results in column one, which only control for school attributes. Then, relative
to the findings in column one, I highlight only the main changes from the second to the last
column (when gradually introducing family variables).
In the first column, I only control for school attributes. The results in this column show
that school test scores, the school’s share of non-SMT speakers, s,m , and their interaction,
have a significant eﬀect on students’ non-Spanish language use with coeﬃcients of -0.643,
5.842 and 1.061 respectively. These coeﬃcients imply that the higher the school quality nonSMT students attend, the lower Spanish must be spoken at school so that these non-SMT
students have a positive utility. Dividing these coeﬃcients by 0.643 will provide students’
preferences in terms of test scores’ standard deviations. For instance, relative to a school with
a school quality of one standard deviation as measured by test scores, non-SMT students
would have ten times higher utility when attending a school where Spanish is not spoken than
when Spanish is mainly spoken.24 Other coeﬃcients that statistically aﬀect the students’
decisions are school’s proximity to the nearest main municipal city, and whether the school
is private or not. Interestingly, the rural area dummy variable is not significant once the
model incorporates the variable school proximity to the nearest main municipal city.
From the second column to the last one, departmental dummies are included and family
variables are gradually added. Based on these columns, the main findings are that, first, the
eﬀects of school variables are robust to model specifications. Second, if non-SMT students
have non-SMT parents at home, these students would speak their non-Spanish language
24 5.842+1.061
0.643

= 10.74
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more frequent than non-SMT students with only one SMT parent at home (see fifth column).
Third, if non-SMT students attend a high quality school as measured by test scores, nonSMT parents may help them by speaking their mother tongue which deter non-SMT students’
Spanish learning process. Lastly, students’ home proximity to a main municipal city reduces
the probability of speaking a non-Spanish language. This last finding provides support for
the distribution of non-SMT students’ mother tongue use in Table 4.4. Those families who
live in remote areas or far from main municipal cities may not have enough interaction with
people proficient in Spanish.
The eﬀects of school test scores, the school’s share of non-SMT speakers, s,m , and
their interaction on non-SMT students’ mother tongue use are relevant in the context of
the Guatemalan education system. Mineduc establishes the curriculum for all subjects,
and schools are required to cover all of this curriculum. Furthermore, Mineduc requires
that students must be promoted to the next grade if their marks are above 60 percent in
all classes they take each academic year. How students are tested and the frequency of
subject tests, however, are determined completely by principals. Therefore, top ranking
schools may demand more eﬀort from students by designing more challenging tests than
their counterparts. Then, if non-SMT students are not yet proficient in Spanish, and given
the probability of scoring below 60 percent in some subject, then it is likely that non-SMT
students devote more time either to studying by themselves or to asking for help using their
mother tongue. By doing so, non-SMT students devote less time to learning Spanish than
other subjects. As mentioned, non-SMT parents may help students by speaking a language
other than Spanish, but they might face the cost of aﬀecting the Spanish learning process.
This is a possible interpretation of such coeﬃcients’ robustness and magnitude.
In terms of non-SMT students’ language barrier, the results also provide some insight.
Spatial segregation also influences students’ Spanish learning process. First, the closer nonSMT students’ home to the capital city, the more likely non-SMT students are going to speak
Spanish. This variable, home-to-capital city proximity, is significant and with a coeﬃcient of
-0.433 (see sixth column). For instance, a non-SMT student who resides in the capital city
would have a utility reduction equivalent to 0.433
= 0.673 standard deviations in their test
0.643
score. Furthermore, the results also indicate that non-SMT students talk in Spanish with
non-SMT classmates only if non-SMT students attend schools near by a main municipal
city.25

4.4.2

Parents’ mean preferences for school attributes

The international literature about school choice indicates that parents may sort their child
into schools where other parents have a similar race, income or educational attainment. In the
context of Guatemala, parents may have preferences for the school attributes that come from
25

The interaction between

s,m

and school-municipal city proximity, in column 6, show this result.
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an equilibrium process, s . I consider the following school attributes as endogenous: (1) share
of non-SMT speakers, s,m , (2) share of non-SMT students, s,nsmt , (3) share of non-SMT
parents, s,nsmt households , (4) fees, s,f ees , (5) average test score, s,score , (6) average family
income, s,f amily income , and (7) household’s average years of education, s,education . The
school’s share of non-SMT speakers stands for the share of students who reported frequent
use of a non-Spanish language, while the school’s share of non-SMT students represents
students who do not have Spanish as a mother tongue (regardless of their mother tongue
language use).
Table 4.7 displays the parents’ mean preferences for school attributes. The dependent
variable is the school-specific constants, s , while the independent variables are all school
attributes. The upper part of the table shows all school attributes, while the lower part
contains the first stage estimation of the 2SLS for the school fees, s,f ees , and school’s share
of non-SMT parents, s,nsmt household . Only the first column of this table shows the results
for ordinary least squares.
In terms of ethnic segregation at school, the main message of the table is that, on average,
parents do not prefer schools where parents have a non-Spanish mother tongue. This finding
is significant only in the last column, when including the two types of instruments. This
finding may be the root of non-SMT students’ language barrier, but this becomes clear in the
section 4.4.3, when analyzing the parents’ heterogeneous preferences for school attributes.
Other school attributes can shape ethnic segregation at school as well. Recall that Table
4.2 shows that non-SMT parents have low educational attainment, which may lead nonSMT parents to live in poverty. With this in mind, results show that parents look for private
schools, and also schools with a bilingual education program. Furthermore, the closer a
school’s location to the main municipal city, the stronger parents’ preferences are for these
schools. Therefore, if non-SMT parents cannot pay for school fees or commute to municipal
cities, this may lead to ethnic segregation. On the other hand, parents dislike, on average,
to pay school fees. This last finding is significant, in the last two model specifications and is
in line with the international literature of school choice.
The first step of the 2SLS for the schools’ non-SMT parent shares, s,nsmt household , also
sheds light on how parents sort their child into schools. The coeﬃcients for the instruments
¯ s,smt,2013 and ¯ s,smt,2010 are negative and significant, while the interaction is positive and
significant. For example, if schools that surround school s have high shares of SMT students,
the results indicate that school s will be selected by non-SMT parents. This finding shows
that parents may be forming their expectations for school ethnic composition from previous
periods when making an enrollment decision (Caetano and Maheshri, 2017).
To conclude this section and in terms of the root of students’ language barrier, results
indicate that parents dislike schools where the other parents have a non-Spanish mother
tongue. Furthermore, as interpreted by the first stage in the 2SLS, parents form their
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expectations for students’ linguistic sorting across schools from previous periods when making
an enrollment decision.

4.4.3

Parents’ heterogeneous preferences for school attributes

In this section, I discuss a parent’s heterogeneous preferences for school attributes (parameters in equation 4.8). I assume that the main household’s characteristics influencing parent’s
preferences for school attributes are their mother tongue, years of education, family income,
child’s gender, and home-to-capital city proximity. I interact these household variables with
exogenous and endogenous school attributes Xs and s , respectively, but I focus the discussion on variables that can aﬀect the students’ linguistic sorting across schools. These school
attributes are (1) the share of non-SMT speakers, s,m , (2) the share of non-SMT students,
s,nsmt , (3) the share of non-SMT parents, s,nsmt household , and (4) student’s non-Spanish
language use, E (mi | Xs , s , Zp ).26 These first three school attributes are in line with the
international literature where parents select schools based on language or race. The last
variable follows the peer eﬀect literature in which parents’ decision of enrollment may depend on their child’s probability to speak/learn Spanish given that peer eﬀects are stronger
intra-race. By focusing the discussion on these four variables, I help to identify the root of
non-SMT students’ language barrier, since linguistic segregation across schools is partially
to blame for non-SMT students’ lack of Spanish comprehension (see Chapter 3).
In short, four main findings emerge in this section. First, non-SMT parents sort their child
into schools where parents have a similar mother tongue (polarization eﬀect) and also where
students frequently speak their non-Spanish language. These preferences shape students’
linguistic sorting across schools. Second, this polarization eﬀect is stronger the further away
parents reside from the capital city. Third, non-SMT parents do not have preferences,
statistically speaking, for schools where students have a non-Spanish mother tongue. Last,
non-SMT parents prioritize their child’s Spanish learning process, and this preference is
slightly higher for households with only one SMT parent at home.
Table 4.8 shows parents’ preferences for school attributes that may shape schools’ ethnolinguistic composition. Columns in this table diﬀer from each other by controls for spatial segregation of groups or for parents’ priority for their child’s Spanish learning process,
E (mi | Xs , s , Zp ).27 Only for the first column, the benchmark specification, I discuss the
eﬀects of school’s shares of non-SMT speakers, students and parents on parents’ utility.
Then, depending on the column, I highlight how spatial segregation, parents’ priority for
their child’s Spanish learning process and parents’ unobserved characteristics aﬀect parents’
26

The school’s share of non-SMT speakers stands for the share of students who reported frequent use of
a non-Spanish language, while the school’s share of non-SMT students represents students who do not have
Spanish as a mother tongue (regardless of their mother tongue language use).
27
I refer to spatial segregation as both school-to-nearest municipal city proximity and home-to-capital city
proximity.
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preferences relative to the benchmark specification.
The first column does not include the eﬀects of both spatial segregation and parents’
priority for their child’s Spanish learning process, E (mi | Xs , s , Zp ). This is the benchmark
specification. This specification allows me to document whether or not Guatemala shows
the eﬀect of a polarized population as argued in Montalvo and Reynal-Querol (2005b). If so,
non-SMT parents may sort their child into schools where parents or students have a similar
mother tongue.
Results in column one indicate that households with just one non-SMT parent does
not prefer schools where students are non-SMT speakers, s,m . Furthermore, depending
on households’ own characteristics such as parents’ years of education, parents may have
even lower preferences for this school attribute, s,m . For the second school attribute in
this table, school’s share of non-SMT students ( s,nsmt ), households with only one non-SMT
parent dislike this school attribute.
The third school attribute in the table, school’s share of non-SMT parents, may be the
root of students’ language barrier. On average, parents’ dislike for schools where other
parents have a similar mother tongue is 3.331, but statistically insignificant, in monetary
terms is equivalent to Q179.96, $23.22 USD, or about 1.75 months of tuition at school.28
However, non-SMT parents have a strong preference for their own mother tongue. The
coeﬃcients or preferences are significant and with a magnitude of 7.010 and 8.631 for one and
two non-SMT parents at home, respectively, or in monetary terms of Q378.71 ($48.87 USD)
and Q466.29 ($60.17 USD), respectively. Then, the non-SMT parents’ total preference for a
school where all parents are non-SMT speakers is 8.631-3.331=5.3 or equivalent to Q286.33
or $36.95 USD, respectively. Therefore, non-SMT parents will sort their child into schools
where other parents have a similar mother tongue. The finding that non-SMT parents show
preferences for the school’s share of non-SMT parents, s,nsmt household , provide evidence of
the eﬀects of polarization in Guatemala.
In the second column in Table 4.8, I observe whether students’ linguistic sorting across
schools is the result of spatial segregation of groups. Desmet et al. (2018) argue that
Guatemala is a country where groups have a low degree of interaction, and that such behavior
may be the result of spatial segregation of groups.
The main change relative to the benchmark specification is that the parental mean preference for school’s shares of non-SMT speakers becomes insignificant. Parent’s mean preferences for the school’s share of non-SMT parents remains as the only significant preference.
This finding provides two noteworthy points. First, the probable root of students’ language
barrier is not spatial segregation of groups, but the result of parents’ preferences for being
with other parents who speak the same language. The parents’ mean and heterogeneous
28 3.331
1.851

= 23.22 with an exchange rate of Q7.75/USD. Recall from Section 4.2 that the average
tuition at school is Q103 per month.
100
7.75

84

preferences for school’s share of non-SMT parents are both significant, but with diﬀerent
signs. This sign diﬀerence may be due to the eﬀect of a polarized population. Second, the
low degree of interaction among groups is not completely the result of spatial segregation
as hypothesized by Desmet et al. (2018). The results indicate that both home-to-capital
city proximity and school-to-nearest municipal city proximity only reduces this polarization
eﬀect on parents’ utility from 5.3 to 4.104, or in monetary terms from Q286.33 to Q221.72
(from $36.95 USD to $28.61 USD).
In the third column, I control for students’ expected non-Spanish language use at school,
E (mi | Xs , s , Zp ). One important change happens relative to the benchmark specification.
Non-SMT households also sort their child into schools where students are non-SMT speakers, s,m . However, these non-SMT household preferences decrease for parents with high
educational attainment. Furthermore, the sorting of non-SMT parents into schools where
parents have a similar mother tongue is robust to students’ expected use of a non-Spanish
language at school, E (mi | Xs , s , Zp ).
The lower part of column three shows the parent’s preferences for their child’s nonSpanish language use. On average, parents do care about non-Spanish language use. This
preference is positive and significant with a coeﬃcient of 3.158 or in monetary terms of
Q170.61 or $22.01 USD. On the other hand, non-SMT parents want their child to speak
Spanish. For example, if non-SMT parents consider a school where their child may speak
a non-Spanish language with probability one, these parents would face a significant utility
reduction of -1.984 for this school or equivalent to Q107.19 or $13.83 USD.
In the fourth column, I control for both eﬀects: spatial segregation and students’ expected
use of a non-Spanish language at school. The results still show the eﬀect of a polarized
Guatemalan population. Furthermore, the results indicate that non-SMT parents prefer
schools where students still speak a non-Spanish language, but non-SMT parents want their
child to speak Spanish. A possible interpretation for this finding is school thresholds for
grade progression which students face in the Guatemalan education system as mentioned in
section 4.4.1. Non-SMT parents sort their child into schools where students speak a nonSpanish language to compensate for their child’ lack of Spanish proficiency and, therefore,
to increase their child’s probability of grade progression. However, non-SMT students may
not improve their Spanish comprehension.
Lastly, the fifth column shows the results when integrating out parents’ unobserved characteristics, ✏p , in the parents’ utility function. Parents’ unobserved characteristics may also
control for measurement error in variables (at household level) given the data limitations in
this chapter.
Two important findings emerge. First, even after controlling for parents’ unobserved
characteristics, ✏p , in the parents’ utility function, the results still indicate that Guatemala
shows the eﬀect of a polarized population. Parents’ average preference for schools where
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parents have a similar mother tongue is significant and negative, -4.751, or in monetary
terms is about Q256.67 or $33.12 USD. However, if the household has one or two non-SMT
parents, these parents would have a total preference of 2.364 and of 4.021, respectively, when
the school is selected only by non-SMT parents. In monetary terms this preference is about
Q127.71 ($16.48 USD) and Q217.23 ($28.03 USD) respectively. In the section 4.5, I provide
an interpretation for this finding, as well as how this polarization eﬀect may be shaping
school linguistic composition.
Second, parents’ heterogeneous preferences for school’s shares of non-SMT parents depend
on how close non-SMT parents live to the capital city (home-to-capital city proximity). For
instance, if non-SMT parents reside in the capital city, their utility for schools where all
parents are non-SMT speakers is lower than zero which means that parents may prefer other
schools. In other words, the further way non-SMT parents reside from the capital city, the
higher non-SMT parents’ preferences to sort their child into a school highly populated by
non-SMT parents, which lead to spatial and linguistic segregation at school.
The fact that non-SMT parents prefer to sort their child into schools where parents
or students have a similar mother tongue is aﬀecting non-SMT students’ interaction with
people proficient in Spanish. Recall that Chapter 3 shows that schools’ linguistic composition
is partially to blame for non-SMT students’ lack of Spanish comprehension, which aﬀects
their performance at school. Therefore, spatial segregation of groups is not a key factor to
understand non-SMT students’ lack of Spanish proficiency.
Another variable that can shape the ethnolinguistic segregation at school is home-toschool proximity, which is also significant in this chapter. Results in Table 4.9 suggest
that the distance from students’ home to school reinforces non-SMT households’ spatial
segregation, which influences parents’ school choice. Nevertheless, spatial segregation is not
the main factor influencing students’ Spanish learning process as implied by the fact that
non-SMT parents sort their child into schools where parents have a similar mother tongue,
even after controlling for home-to-school proximity.
Regarding the parent’s preferences for exogenous school attributes, Xs , I just provide the
main findings here (see Table 4.10 for estimates). Parents prefer schools that are located close
to main municipal cities, that are private, and that have a good infrastructure. Furthermore,
if parents reside close to the capital city, they have strong preferences for schools located
close to main municipal cities. A similar pattern is found in terms of the school quality as
measure by the index of classes. The closer parents reside to the capital city, the higher
parents’ preferences for schools that oﬀer more classes per week, for instance.
To conclude this section, the main finding is that non-SMT households prefer to sort
their child into schools where parents have a similar mother tongue. This non-SMT parents’
preference may be the root of the non-SMT students’ language barrier. Non-SMT parents’
self-selection by mother tongue is robust to the inclusion of variables that the literature on
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school choice find to be determinant factors. This self-selection is robust to the addition of
school fees, home-to-school proximity, and spatial segregation.

4.5

Non-SMT parents’ demand for schools

The main finding of this chapter is that non-SMT parents’ preference for their own mother
tongue is creating ethnolinguistic segregation at school. As shown in Chapter 3, ethnolinguistic segregation at school puts non-SMT students in a disadvantaged position in the
Guatemalan education system.
Therefore, in this section, I provide some policy recommendations by first identifying the
Guatemalan departments that display strong polarization eﬀects. To do so, I calculate the
average departmental elasticities of non-SMT parents’ demand for schools highly populated
by non-SMT parents. Second, I shed light on how to reduce ethnolinguistic segregation
at rural schools by recommending how to improve the quality of rural schools. By doing
so, SMT parents who prefer urban schools may consider their closest rural school as an
option. Lastly, non-SMT households’ preferences for their own mother tongue must come
from an underlying mechanism. The identification of this mechanism may be the key factor
to eliminating non-SMT students’ language barrier.
Table 4.11 displays the average departmental elasticities of households with non-SMT
parents. The first three columns show the elasticities by school type (municipal-cooperative,
public or private) while the last column shows the average departmental elasticity. Departments with strong polarization eﬀects are located in the north-west region of Guatemala:
Sololá, Alta Verapaz, Quiché, Totonicapán, Huehuetenango and Chimaltenango. These departments show elasticities higher than elasticities without parental preferences to sort students by mother tongue as shown next. The table also indicates that non-SMT parents
who reside in these departments are more likely than SMT parents to choose a school where
parents are also non-SMT speakers if the school is not private.
Figure 4.1 shows the eﬀect of a polarized population. This figure depicts the last column of Table 4.11 together with the elasticities of households with a non-SMT parent. The
magnitude of these elasticities clearly diﬀers between non-SMT households and among departments. Departments located in the north-west region of Guatemala show a strong eﬀect
of ethnic polarization. For example, in the department of Sololá, on average, non-SMT parents’ probability of selecting a school increases by 0.6 percent given a 1 percent increase in
the proportion of non-SMT parents at school. However, the same elasticity for households
with only one SMT parent is about 0.41. On average, the non-SMT households’ elasticity
diﬀerence in the north-west region is about 0.2, while in other departments it is nearly zero.
In a non-polarized country these elasticities should be close to zero.
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Figure 2 shows an alternative scenario where non-SMT parents do not have preferences
for schools highly populated by non-SMT parents (no polarization eﬀect). Both parents’
mean and specific preferences for schools where parents have a similar mother tongue are
set to zero.29 This figure shows that the polarization eﬀect (shadow area in the figure)
is an important factor influencing non-SMT household’s demand elasticities. In the case of
Sololá, the elasticity of a non-SMT parent who has the polarization eﬀect is 0.6, otherwise the
elasticity is 0.2. The diﬀerence in elasticities implies that, on average, the polarization eﬀect
accounts for 66 percent of the non-SMT parent’s demand elasticity for schools in north-west
departments.
To reduce non-SMT students’ language barrier in the north-west region of Guatemala,
policy makers can implement Spanish as a second language program, alter schools’ linguistic
composition or both.30 Diﬀerent than a second language program, changing school attributes
in public rural schools not only may lead non-SMT students to improve their educational
achievement in schools, but also SMT parents can consider enrolling their children in those
rural schools.
To change school linguistic composition, first, I show evidence about SMT parents’ preferences and their willingness to pay for school attributes that principals or Mineduc can
alter. This evidence is for parents who prefer to enroll their child in urban schools. Second,
I provide measures to improve the quality of rural schools, so that SMT parents who prefer
urban schools may consider their closest rural school as an option.
The average of SMT parents’ marginal utility and their willingness to pay for school
attributes is displayed in Table 4.12.31 The first four columns show the average of SMT
parents’ marginal utilities by distance from home to the capital city. The fifth column shows
the school attribute increment to interpret the SMT parents’ willingness to pay for school
attributes. This willingness to pay is also split by distance from home to the capital city.
The table’s marginal utility section indicates that school’s average test scores, infrastructure,
and courses are the school attributes that SMT parents value the most, in order of preference
respectively. Furthermore, the closer the school is to the capital city, the higher the SMT
29

Recall for section 4.3 that a parent’s preference for the school attribute l is given by ↵p,l = ↵l +
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zp,k ↵k,l + ↵lu ✏p . Then, I set equal to zero ↵l and ↵k,l , where l stands for the share of non-SMT parents at
school, and k stands for whether or not the household has two non-SMT parents at home.
30
For instance, in Chapter 3 the observed linguistic sorting in Guatemalan secondary schools is altered.
This artificial setting can be understood as a Spanish second language program. Chapter 3 shows that
non-SMT students perform better on national tests. However, SMT students still outperform non-SMT
students.
31
To calculate parents’ willingness to pay for school attributes, I first calculate the total derivative of the
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parents’ valuation for school attributes. The first row of the table, test score, shows that for
an increment of 0.1 standard deviation in test scores, SMT parents are willing to pay Q208.10
($26.85 USD) per month if the school is practically located in the capital city. Similarly,
SMT parents who live further away than 200 kms from the capital city are willing to pay
Q148.07 ($19.11 USD) per month. In monetary terms, the second highest attribute SMT
parents are willing to pay for is school infrastructure.
Having identified what variables SMT parents who enroll their children in urban areas
value the most, Table 4.13 shows the SMT parents’ monetary and school quality compensation for considering the closest rural school from their child’s urban school enrollment.
Rows in this table display the departments with the strongest polarization eﬀects. The first
column shows the diﬀerence in SMT parents’ utilities for considering their child’s urban
school enrollment relative to the closest rural school. For example, the highest diﬀerence
in terms of parents’ utilities is Sololá with a value of 6.674. This column indicates that,
on average, schools in Sololá, Quiché and Chimaltenango are of lower quality relative to
urban schools. The second column shows the monetary compensation per month that an
SMT parent should receive to get the same level of utility relative to their child’s school of
enrollment. On average, an SMT parent in Sololá should receive Q477.66 ($61.63 USD) per
month.
Although, the implementation of a cash transfer program for attending rural schools may
change the linguistic distribution across schools, the non-SMT students’ school performance
improvement would be only through both an improvement in Spanish comprehension and
student peer eﬀects. However, the same result may be achieved by improving rural school
quality such as infrastructure or courses oﬀered. By changing rural public school quality,
SMT parents may start considering this school as an attractive option. The last two columns
of the table provide some guidance on how much to improve rural school attributes relative
to a school located in the capital city with an average quality, so that SMT parents receive,
on average, the same utility relative to their child’s urban school enrollment. For the case
of Sololá this represents an infrastructure quality improvement of around 4.06 times greater
than an average school in the capital city and a course oﬀering list that is 30.99 times greater
than an average school in the capital city.
The non-SMT households’ preferences for their own mother tongue must come from
an underlying mechanism. The identification of this mechanism may be the key factor to
eliminate non-SMT students’ language barrier. Chamarbagwala and Morán (2011) discuss
that after Guatemala gained its independence from Spain in 1821, an authoritarian state was
created that excluded the indigenous population, was racist in its precepts and practices, and
served to protect the economic interests of the privileged minority. Due to the chronic status
quo of inequality and social exclusion, the Guatemalan civil war started. The Guatemalan
civil war lasted for 36 years, and the peace agreement was signed in 1996. Indigenous people,
especially the Mayans, suﬀered the consequences of the civil war. The authors define the
departments of Quiché, Alta Verapaz, Baja Verapaz, Petén and Huehuetenango as those
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that were most aﬀected by the civil war.
The discussion in Chamarbagwala and Morán (2011) suggests that non-SMT parents’
preferences for their own mother tongue may have originated in or been reinforced by the
civil war. Furthermore, The United Nations Development Program’s (UNDP) report in 2005
explains that in Guatemala there exists discrimination that mainly aﬀects the indigenous
population. Since culture is comprised of a group of people’s beliefs and values which are
passed down through generations, prejudices that existed before the civil war continue to
exist in the Guatemalan culture. In addition, the genocide perpetuated against non-SMT
indigenous people during the civil war may have severely reinforced non-SMT parents’ preferences for their children attending school with other non-SMT children. As a result of such
behavior, the ethnic discrimination or segregation can limit human development (UNDP,
2005).
To help understand whether this past behavior in the civil war influences non-SMT parents demand for schools where parents have a similar mother tongue, I regress the diﬀerence
between non-SMT households’ elasticities (shadow area in Figure 1) on the number of victims
of the Guatemalan civil war per 1000 population in departments.32 I refer to this diﬀerence
as the polarization eﬀect. Additionally, I control for the population’s illiteracy rates in 1973,
and for a fixed eﬀect for the departments where the civil war aﬀected the most. These are
the variables Chamarbagwala and Morán (2011) employ in their work. Furthermore, since
the non-SMT parents’ preferences may be the result of departmental inequality, I employ
both a departmental Gini index calculated in 2011 by the Instituto Nacional de Estadística
de Guatemala (Guatemala’s National Statistic Institute) and a departmental poverty index
calculated by UNDP.33
Table 4.14 shows the estimates for the eﬀects of civil war victims on non-SMT parents’
polarization eﬀects. First, notice that only 22 observations are included which correspond
to the 22 Guatemalan departments. In some columns the Guatemalan department is not
included because the Gini index was not calculated for this department. Across model specifications, the coeﬃcient on the number of victims in the civil war is positive and significant,
even when controlling for the fixed eﬀect for the departments where the civil war was most
intense. To help interpret the eﬀect of the number of victims on the polarization eﬀect, I
compare the predicted polarization eﬀect between the high and low intensity areas of the civil
war, 0.097 (E (ln (victims) | intensive area) E (ln (victims) | not intensive area)). I divide this predicted diﬀerence by the observed polarization eﬀect between these two areas, E (polarization ef f ect | intensive area) E (polarization ef f ect | no intensive area).
This ratio indicates that about 30.786 percent of the polarization eﬀect between these two
areas is due to diﬀerences in the number of victims of the Guatemalan civil war.
32
Approximately, the youngest parents in this research lived through at least 12 years of the civil war,
while the oldest parents lived through all of it. As part of the civil war peace agreement, only aggregate
data of victims can be released.
33
According to this institute, the Gini index is calculated using data from rural areas of Guatemala.
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If policy makers can change school attributes in rural schools or eliminate non-SMT
parents’ polarization eﬀect, then the subsequent change in linguistic sorting of students in
these schools would aﬀect the non-SMT students’ Spanish proficiency, school performance,
and in the long term the non-SMT population’s education and poverty distribution.

4.6

Conclusion

The existence of a learning barrier to a country’s predominant language may aﬀect human
capital development and, as a result, influence poverty in the long run. The first sign of this
language barrier may be reflected in students’ school performance. In Guatemala, the focus
of this study, non-SMT students’ performance at school is poor relative to SMT students.
Although factors such as parents’ educational attainment and family income can aﬀect the
accumulation of students’ human capital, non-SMT students’ poor performance may also be
resulting from a language barrier.
To find the root of the non-SMT students’ language barrier, it is necessary to understand
what parents consider important when making enrollment decisions. This is relevant, because
parents’ decisions about which schools to send their child may play an important role in
the determination of friendships. Friendships, which play an important role in learning a
new language, are stronger intra-race as the peer eﬀect literature shows (Fruehwirth, 2013;
Hanushek et al., 2009; Mayer and Puller, 2008; Marmaros and Sacerdote, 2006; Hoxby, 2000).
A rich dataset of school and households’ characteristics allows me to analyze Guatemalan
parents’ school choices. The estimation of a random coeﬃcient model of demand for junior
high schools allows me to control for unobserved school and households’ characteristics, and
also to observe whether parents value the fact that other parents with similar characteristics select the same school. By doing so, I find that the possible root of language barrier
for non-SMT students’ lack of Spanish proficiency is that non-SMT parents prefer schools
where other parents have a non-Spanish language as a mother tongue; this creates segregation. This finding is robust even after controlling for school attributes that the international
literature shows as important factors in school choice and for the non-SMT population’s
spatial distribution.
The demand estimates highlight that non-SMT parents’ segregation by mother tongue
at school is high in five Guatemalan departments. This non-SMT parents’ segregation by
mother tongue seems to be driven by diﬀerences in the number of victims between the high
and low intensity areas of the civil war. For instance, in the department with the highest
segregation, non-SMT parents’ probability of selecting a school will increase by 0.6 percent
if the proportion of non-SMT parents at this school increases by 1 percent. However, if such
preferences did not exist, the probability of selecting this school would increase only by 0.2.

91

The analysis indicates that measures could be taken to reduce student linguistic segregation and thus lower the intergenerational language barrier for the non-SMT population in
Guatemala. The parents’ preferences for school attributes suggest that by improving rural
school infrastructure and courses oﬀered in rural schools, SMT parents who prefer urban
schools would start considering their closest rural school instead. Specifically, after a quality
improvement in rural schools, only those SMT parents who benefit from the quality improvement would make an enrollment decision in rural schools. Therefore, by integrating
SMT and non-SMT students in schools, the language barrier’s consequences on the non-SMT
population’s educational attainment can be mitigated.
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Tables and figures
Table 4.1: Scores on standardized tests by Spanish vs. non-Spanish mother tongue students

Last grade in
Elementary school
Junior high school
High school
Average

Math
Mother tongue
Non-Spanish (a)
Spanish (b)
0.19
0.25
0.32

0.12
0.14
0.11

Gap (a-b)

Reading
Mother tongue
Non-Spanish (a)
Spanish (b)

0.31***
0.39***
0.43***
0.38

0.40
0.40
0.49

0.24
0.22
0.17

Gap (a-b)
0.64***
0.62***
0.66***
0.64

Note: Spanish mother tongue (SMT) students’ self-report of having Spanish as a first language. Non-SMT students speak one of the Mayan laguages, or Xinka or Garífuna
languages as a first language. Test scores have a mean of zero and standard deviation of one at each grade. Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2013 data.

Table 4.2: Percentage of parents with children at school in 2002 by education level and mother tongue
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Parental educational attainment
Lower than elementary
Elementary (grades 1-3)
Elementary (grades 4-6)
Junior high
High school
More than high school

SMT speaker
21.1
25.3
28.5
9.8
10.2
4.9
100%

Fathers
Non-SMT speaker
43.0
28.8
21.4
3.5
2.7
0.6
100%

SMT speaker
30.6
24.0
24.1
8.0
10.0
3.3
100%

Mothers
Non-SMT speaker
69.2
17.6
10.4
1.4
1.2
0.2
100%

Note: SMT speaker stands for people who report Spanish as a first language. Non-SMT students speak one of the Mayan languages, or Xinka or Garífuna
languages as a first language. The 2002 Guatemalan census shows the education levels of SMT and non-SMT parents with a 2-year-old child in 2002. This
distribution may potentially represent the parents’ educational distribution of junior high students at school in 2013.
Source: Guatemala’s 2002 national census.

Table 4.3: Distance in Kms. from home to school for students who live in rural areas
Family income’s quintile distribution
Home to capital city’s proximity distribution
<30 Kms
30-85 Kms
85-125 Kms
>125 Kms

First

Second

Third

Fourth

Fifth

3.05
(8.40)
3.13
(5.83)
4.14
(10.64)
6.98
(12.00)

2.09
(2.95)
5.38
(13.20)
3.94
(8.05 )
7.20
(18.98)

2.95
(8.39)
5.27
(14.30)
4.80
(14.91)
5.82
(19.53)

3.50
(5.51)
6.17
(15.64)
6.20
(19.06)
9.56
(32.43)

4.46
(11.41)
5.28
(13.00)
6.52
(20.38)
10.74
(32.54)

Note: Standard deviation in parenthesis. The first quintile represents the lower family income.
Source: Author’s calculation using the Ministry of Education’s 2013 data.

Table 4.4: Distribution of SMT students across municipalities and non-SMT students’ mother
tongue use(a)

Municipal distribution
18%
14%
20%
48%

Percentage of
SMT students
0-25%
25-50%
50-75%
75-100%

Non-SMT students who
reported mother tongue use at
Junior high school
81%
54%
30%
17%

High school
75%
52%
31%
13%

(a) Way of reading the table: in 18% of municipalities (1) between 0 and 25% of SMT students reside, and (2) 81%
of non-SMT students speaks their mother tongue at junior high school.
Note: Spanish mother tongue (SMT) stands for students’ self-report of having Spanish as a first language. NonSMT students speak one of the Mayan laguages, or Xinka or Garífuna languages as a first language. Guatemala is
geographically divided by more than 300 municipalities.
Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Table 4.5: Statistics for household and school’s variables

Household variables

(1)
Mean

(2)
Std.

(3)
Min.

(4)
Max

Non-SMT Parent
Non-SMT Parents
Student’ gender (Male)
Mother’s educational attainment
Elementary
Junior high
High school
Undergraduate or more
Father’s educational attainment
Elementary
Junior high
High school
Undergraduate or more
Family Income
Home-to-Capital city proximity

0.052
0.201
0.521

0
0
0

1
1
1

0.486
0.107
0.094
0.047

0
0
0
0

1
1
1
1

0.490
0.134
0.112
0.064
0.572
0.046

0.760
0.096

0
0
0
0
1.943
0.003

1
1
1
1
4.621
1

Total households

27948

0.325
0.019
0.218
0.481
0.241

0.369

0
0
0
0
0.008

1
1
1
1
1

0.537
0.993
0.844
0.281
0.968
0.411

1.865
1.730
2.047
1.892
1.582
1.582

5.923
3.983
4.022
10.245
8.851
1.283

3.315
0.652
4.523
2.578
8.685
8.359

Endogenous
Fees in Q ( s,f ees )
103.203
Test scores ( s,scores )
0.086
Years of education ( s,Education )
7.296
Family income ( s,F amily Income )
0.650
Share of non-SMT speakers ( s,m )
0.246
Share of non-SMT students ( s,nsmt )
0.384
Share of non-SMT parents ( s,nsmt household )
0.263

1.956
0.738
2.415
0.531
0.192
0.284
0.317

30.560
3.946
0
1.693
0
0
0

358.810
3.503
18.141
1.938
1
1
1

School attributes
Exogenous
Private
Bilingual program
Principal’s non-SMT speaker
Rural area
School-to-nearest municipal city proximity
Quality indices
Teachers
Courses
Classes
Discipline
Infrastructure
Distractor

Total schools

2495

Note: s,m represents the school’s share of non-Spanish mother tongue students who reported mother tongue use. s,nsmt represents the school’s share of
non-Spanish mother tongue students.
s,nsmt household represents the school’s share of non-Spanish mother tongue parents.
s,f ees stands for school’s
fees. While s,score , s,f amily income and s,education stand for the school’s average of students’ test scores, parents’ family income and parents’ years
of education respectively.
Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Table 4.6: Results of the logistic regression for students’ non-Spanish language use
School attributes
Bilingual program
Private
Principal’s non-SMT speaker
Test score
Rural area
School-to-nearest municipal city proximity
Index Teachers
Index Courses
Index Classes
Index Discipline
Index Infrastructure
Index Distractor
s,m

(1)
0.146
0.188**
0.029
0.643***
0.086
0.150*
0.005
0.057***
0.017
0.027
0.033
0.003
5.842***

(2)
0.205
0.216***
0.027
0.649***
0.082
0.165**
0.003
0.057***
0.016
0.028
0.020
0.009
5.918***

Household characteristics
Non-SMT Parent
Non-SMT Parents
Family Income
Years of education
Child’s gender (Male=1)
Home-to-Capital city proximity
Interaction of s,m with
School attributes
Bilingual program
Private
Principal’s non-SMT speaker
Test score
Rural area
School-to-nearest municipal city proximity
Index Teachers
Index Courses
Index Classes
Index Discipline
Index Infrastructure
Index Distractor
Household characteristics
Non-SMT Parent
Non-SMT Parents
Family Income
Years of education
Child’s gender (Male=1)
Home-to-Capital city proximity

0.483
0.339
0.322
1.061***
0.306
0.515**
0.032
0.121**
0.021
0.033
0.008
0.012

0.545
0.373
0.339
1.063***
0.311
0.589**
0.038
0.125**
0.018
0.033
0.007
0.006

(3)

(4)

(5)

(6)

0.185
0.223***
0.019
0.646***
0.075
0.176**
0.001
0.057***
0.015
0.028
0.018
0.009
5.781***

0.187
0.222***
0.018
0.645***
0.074
0.175**
0.001
0.057***
0.015
0.028
0.018
0.009
5.877***

0.182
0.215***
0.015
0.635***
0.080
0.181**
0.001
0.058***
0.015
0.028
0.020
0.010
5.687***

0.146
0.212***
0.016
0.643***
0.098
0.214**
0.001
0.059***
0.016
0.029*
0.017
0.010
6.071***

0.249
0.219**

0.249
0.219**
0.002

0.243
0.197**
0.009
0.013

0.243
0.197**
0.009
0.013
0.138**
0.433*

0.555
0.411
0.541**
1.090***
0.280
0.640***
0.028
0.132**
0.015
0.028
0.012
0.009

0.558
0.410
0.540**
1.089***
0.259
0.630**
0.027
0.131**
0.016
0.026
0.014
0.009

0.544
0.397
0.533**
1.062***
0.275
0.648***
0.026
0.134**
0.016
0.026
0.010
0.010

0.417
0.397
0.521**
1.099***
0.343
0.681**
0.025
0.136**
0.018
0.028
0.017
0.011

1.059**
0.389

1.061**
0.384
0.022

1.047**
0.436*
0.043
0.036

1.038**
0.456*
0.041
0.033
0.710***
0.112

Note: Spanish mother tongue (SMT) students’ self-report of having Spanish as a first language. Non-SMT students speak one of the Mayan
laguages, or Xinka or Garífuna languages as a first language. The dependent variable in the logistic regression takes a value of one if a non-SMT
student reported that he frequently speaks his mother tongue and zero otherwise. s,m represents the school’s share of non-Spanish mother tongue
students who reported mother tongue use. All models include departmental dummy variables except the first one. Robust standard errors are
clustered at municipal level.
Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Table 4.7: Parents’ mean preferences for school attributes
(1)
OLS

School attributes for model 5
Guatemala department
Bilingual program
Private
Rural area
School-to-nearest municipal city proximity
Principal’s non-SMT speaker
Index Teachers
Index Courses
Index Classes
Index Discipline
Index Infrastructure
Index Distractor
s,f ees
s,score
s,m
s,nsmt
s,nsmt household
s,education
s,f amily income

3.542***
1.662***
0.290
0.627***
0.731***
0.159*
0.202***
0.554***
0.290***
0.162***
0.353***
0.065
0.106
0.065**
2.564***
0.156
5.429***
3.247***
1.710**

(2)
2SLS

9.423***
1.197
7.794
0.468
1.563***
0.584
0.123
0.297
0.474*
0.097
0.966*
0.041
3.748
3.518
1.191
1.865
6.800
5.285
10.231

(3)
2SLS

(4)
2SLS

7.896***
1.286***
4.277**
0.175
1.462***
0.290
0.028
0.256
0.348**
0.122
0.906**
0.016
1.810*
1.396
0.493
0.343
5.466
5.819
5.211

7.594***
1.254***
4.288**
0.161
1.429***
0.241
0.065
0.309*
0.347**
0.148
0.868***
0.029
1.851*
1.062
0.090
1.477
4.751**
4.799*
5.641

0.020
0.011
0.037
0.021
0.041
0.065
1.749***
9.557***
0.053
0.051
0.073

0.020
0.012
0.037
0.029
0.039
0.014
1.793***
9.643***
0.046
0.073
0.074

First stage for
s,f ees

0.010
0.008

s,smt,2013
s,smt,2010
s,smt,2013 ⇤
s,smt,2010
T est score s,2013
T est score s,2010
T est score s,2013 ⇤ T est score
F ees s,2013 (in hundreds)
F ees2 s,2013 (in hundreds)
F amily education s,2013
F amily income s,2013

0.035*
0.026
s,2010

0.811***
0.206**
0.084
0.023

nsmt household
s,2013
nsmt
\
household
s,2013

0.056

Statistics
R2
F Z =0

0.939
4.776

0.940
9.425

0.940
10.663

s,nsmt household

1.176***
0.320***

s,smt,2013
s,smt,2010
s,smt,2013 ⇤
s,smt,2010
T est score s,2013
T est score s,2010
T est score s,2013 ⇤ T est score
F ees s,2013 (in hundreds)
F ees2 s,2013 (in hundreds)
F amily education s,2013
F amily income s,2013
nsmt household
s,2013
nsmt
\
household
s,2013

Statistics
R2
F Z =0

0.388*
0.202
s,2010

2.611**
1.138
0.905
0.666

1.189***
0.241***
1.125**
0.563***
0.218
2.002*
5.306
10.551
1.089
1.256
0.842

1.189***
0.226**
1.120**
0.447*
0.243
1.260
4.651
9.287
1.190
1.587*
0.859
0.822

0.727
30.841

0.730
26.773

0.730
24.685

Note: The dependent variable is the estimates of parents’ mean utilities, s , (see eq.
4.5).
sigmas,m represents the school’s share of nonSpanish mother tongue students who reported mother tongue use. sigmas,nsmt represents the school’s share of non-Spanish mother tongue students.
sigmas,nsmthousehold represents the school’s share of non-Spanish mother tongue parents. sigmas,f ees stands for school’s fees. sigmas,scores and
sigmas,f amilyincome and sigmas,education stand for the school’s average of students’ test scores, parents’ family income and parents’ years of education
respectively. widehatsigmansmthousehold
represents the simulated school’s share of non-Spanish mother tongue parents in period t. All models include
s,2013
departmental dummy variables, and interactions between school and family variables. Robust standard errors are clustered at municipal level.
Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Table 4.8: Parents’ preferences for endogenous school attributes (A)
School attributes * Household characterisitcs

(1)

(2)

(3)

(4)

(5)

7.870*

4.217

4.713

0.100

0.090

1.376**
0.834
0.126***
0.561**
0.015

1.352**
0.802
0.127***
0.602**
0.009
9.873

4.091**
4.707**
0.126***
0.563**
0.017

4.470***
5.259***
0.129***
0.587**
0.009
9.286

4.468***
5.257***
0.130***
0.591***
0.010
9.285
0.046

5.390

1.911

7.063

1.537

1.477

1.213**
0.006
0.006
0.260
0.059

1.217**
0.111
0.003
0.319
0.064
3.446

1.439**
0.086
0.020
0.367
0.068*

1.465**
0.219
0.017
0.440
0.073*
3.708

1.467***
0.225
0.018*
0.432***
0.072***
3.708
0.013

3.331

4.700**

1.969

4.735**

4.751**

7.010***
8.631***
0.237***
0.491
0.015

7.071***
8.804***
0.254***
0.570*
0.015
9.356

7.034***
8.582***
0.243***
0.420
0.016

7.118***
8.778***
0.261***
0.494*
0.016
9.836

7.115***
8.772***
0.260***
0.486***
0.017
9.836*
0.005

3.158*

3.659**

3.650***

5.658***
5.142***

5.944***
5.617***

5.945***
5.620***

s,m

Mean
Interaction with
Non-SMT Parent
Non-SMT Parents
Years of Education
Child’s gender (Male=1)
Family income (in thousands)
Home-to-capital city proximity
(a)
✏p

s,nsmt

Mean
Interaction with
Non-SMT Parent
Non-SMT Parents
Years of Education
Child’s gender (Male=1)
Family income (in thousands)
Home-to-capital city proximity
(a)
✏p

s,nsmt household

Mean
Interaction with
Non-SMT Parent
Non-SMT Parents
Years of Education
Child’s gender (Male=1)
Family income (in thousands)
Home-to-capital city proximity
(a)
✏p

E (mi |X, s,m )
Mean
Interaction with
Non-SMT parent
Non-SMT parents

Note: sigmas,m represents the school’s share of non-Spanish mother tongue students who reported mother tongue use. sigmas,nsmt represents the school’s share of non-Spanish
mother tongue students. sigmas,nsmthousehold represents the school’s share of non-Spanish mother tongue parents. sigmas,f ees stands for school’s fees. sigmas,scores and
sigmas,f amilyincome and sigmas,education stand for the school’s average of students’ test scores, parents’ family income and parents’ years of education respectively. All models
include departmental dummy variables, and interactions between school and family variables. (a) Estimates multiplied by 10. Robust standard errors are clustered at municipal
level.
Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Table 4.9: Parents’ preferences for endogenous school attributes (B)
School attributes * Household characterisitcs

(1)

(2)

(3)

(4)

(5)

1.856*

1.851*

0.007
0.034
0.066
0.155
0.061**
10.401**

0.007
0.034
0.066***
0.155***
0.061***
10.401
0.004

s,f ees

Mean
Interaction with
Non-SMT Parent
Non-SMT Parents
Years of Education
Child’s gender (Male=1)
Family income (in thousands)
Home-to-capital city proximity
(a)
✏p

0.588
0.099
0.144
0.052
0.067
0.062**

1.834*
0.028
0.054
0.067
0.150
0.060**
10.353**

0.688
0.130
0.174
0.051
0.069
0.062**

s,scores

Mean
Interaction with
Non-SMT Parent
Non-SMT Parents
Years of Education
Child’s gender (Male=1)
Family income (in thousands)
Home-to-capital city proximity
(a)
✏p

0.330

0.707

0.163

1.060

1.062

0.280***
0.429***
0.020***
0.059
0.003

0.288***
0.439***
0.020***
0.062
0.002
0.570

0.225**
0.067
0.019***
0.063
0.003

0.241**
0.100
0.020***
0.068
0.003
0.510

0.241***
0.100
0.020***
0.068***
0.003
0.510
0.003

4.923**

4.878*

3.136

4.799*

4.799*

0.646*
0.449
0.732***
0.393
0.361***

0.801*
0.669
0.755***
0.271
0.334***
13.707***

0.787*
0.622
0.755***
0.266
0.336***
13.930***

0.788***
0.628***
0.756***
0.271***
0.336***
13.925***
0.042

s,education

Mean
Interaction with
Non-SMT Parent
Non-SMT Parents
Years of Education
Child’s gender (Male=1)
Family income (in thousands)
Home-to-capital city proximity
(a)
✏p

0.612
0.384
0.732***
0.388
0.362***

s,f amily income

Mean
Interaction with
Non-SMT Parent
Non-SMT Parents
Years of Education
Child’s gender (Male=1)
Family income (in thousands)
Home-to-capital city proximity
(a)
✏p

Other coefs.
Home-School
Home-School
Home-School
Home-School

proximity
proximity
proximity
proximity

Other controls.
s,m
s,nsmt
s,nsmt household

E (mi |X,

s,m )

6.233

5.005

6.077

5.622

5.641

0.910*
0.314
0.522***
0.551
0.438***

0.934*
0.282
0.529***
0.594
0.429***
3.211

0.695
0.085
0.521***
0.565
0.439***

0.705
0.035
0.527***
0.606
0.430***
3.159

0.705***
0.031
0.527***
0.608***
0.430***
3.162
0.010

7.912***
6.565***

12.522***
6.356***
126.256*
4.005

12.522***
6.356***
126.256***
4.005

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

(<=75 kms)
(>75 kms)
(<=75 kms) – Home-Cap.City proximity
(>75 kms) – Home-Cap.City proximity
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Note: sigmas,m represents the school’s share of non-Spanish mother tongue students who reported mother tongue use. sigmas,nsmt represents the school’s share of non-Spanish mother tongue students.
sigmas,nsmthousehold represents the school’s share of non-Spanish mother tongue parents. sigmas,f ees stands for school’s fees. sigmas,scores and sigmas,f amilyincome and sigmas,education stand for
the school’s average of students’ test scores, parents’ family income and parents’ years of education respectively. All models include departmental dummy variables, and interactions between school and family
variables. (a) Estimates multiplied by 10. Robust standard errors are clustered at municipal level.
Significant levels: *** at 1%, ** at 5%, and * at 10%. Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Model 5
Bilingual program
Private
Rural area
School-to-nearest municipal city proximity
Non-SMT Principal
Index Teachers
Index Courses
Index Classes
Index Discipline
Index Infrastructure
Index Distractor

1.254***
4.288**
0.161
1.429***
0.241
0.065
0.309*
0.347**
0.148
0.868***
0.029

0.778***
0.666***
0.281*
0.356***
0.381***
0.309***
0.289***
0.201***
0.120***
0.385***
0.082***

1.115***
0.681***
0.122
0.320***
0.392
0.214***
0.542***
0.109**
0.194*
0.070
0.186***

0.044***
0.006
0.030**
0.099***
0.004
0.017***
0.034***
0.015***
0.008
0.008*
0.004

0.305*
0.103*
0.149***
0.413***
0.013
0.014
0.169***
0.134***
0.110***
0.089***
0.014

0.050***
0.107***
0.295***
0.027***
0.013*
0.013***
0.027***
0.014***
0.001
0.005
0.001

28.120
16.295
1.726
10.580**
0.527
1.648
4.664**
0.548
3.403
2.411***
2.460***

(a)

✏p

Home-to-capital city proximity

Family income (in thousands)

Child’s gender (Male=1)

Years of Education

Non-SMT Parents

Non-SMT Parent

Mean

Table 4.10: Parents’ preferences for school exogenous attributes

0.003
0.551
0.856
0.084
0.657
0.006
0.049
0.019
0.005
0.032
0.016

Note: This model includes departmental dummy variables, and interactions between school and family variables. Robust standard errors are clustered at municipal level. (*) Estimates multiplied by 100. Significant levels: *** at 1%, **
at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2013 data.

Table 4.11: Non-SMT parents’ departmental demand elasticity for schools where parents have a
similar mother tongue by school type
Department
Sololá
Alta Verapaz
Quiché
Totonicapán
Huehuetenango
Chimaltenango
Baja Verapaz
Quetzaltenango
Izabal
Sacatepéquez
Petén
Suchitepéquez
San Marcos
Guatemala
Retalhuleu
Escuintla
Jalapa
Chiquimula
El Progreso
Zacapa
Santa Rosa
Jutiapa

(1)
Muni-Coope(a)
0.645***
0.586***
0.565***
0.590***
0.512***
0.349***
0.262***
0.272***
0.273***
0.160***
0.222***
0.123***
0.160***
0.077***
0.085***
0.032***
0.011***
0.007***
0.009***
0.001***
0.006***
0.003***

(2)
Public
0.644***
0.584***
0.561***
0.575***
0.441***
0.353***
0.290***
0.294***
0.282***
0.187***
0.151***
0.128***
0.128***
0.108***
0.084***
0.047***
0.016***
0.020***
0.001***
0.008***
0.004***
0.004***

(3)
Private
0.581***
0.454***
0.475***
0.370***
0.326***
0.264***
0.302***
0.257***
0.158***
0.126***
0.093***
0.139***
0.038***
0.083***
0.075***
0.089***
0.035***
0.007***
0.021***
0.011***
0.018***
0.015***

(4)
Mean
0.625***
0.550***
0.544***
0.527***
0.416***
0.314***
0.286***
0.277***
0.225***
0.153***
0.149***
0.130***
0.127***
0.090***
0.083***
0.059***
0.021***
0.015***
0.008***
0.008***
0.008***
0.007***

(a) Muni-Coope stands for municipal or cooperative school types. Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2013 data.

Table 4.12: SMT parents’ maginal utilities and their willingness to pay for school attributes

School attribute
T estscores,t
Index Teachers
Index Courses
Index Classes
Index Discipline
Index Infrastructure
Index Distractor

Marginal utility for school attribute
by school-capital city distance (Kms.)
>200
200-100
100-50
50-0
12.815***
1.506***
2.209***
0.800***
0.439***
8.723***
0.684***

12.898***
1.581***
2.643***
0.700***
0.566***
8.812***
0.610***

12.824***
1.329***
2.573***
0.897***
0.793***
8.942***
0.445***

Increment in
school attribute
0.1 std
1%
1%
1%
1%
1%
1%

13.752***
0.679***
9.674***
1.375***
5.469***
12.278***
2.937***

Willigness to pay in Q (US) for school attribute
by school-capital city distance (Kms.)
>200
200-100
100-50
50-0
148.07 (19.11) 515.53 (66.52) 315.10 (40.66)
-3.47 (-0.45)
-12.61 (-1.63)
-6.52 (-0.84)
2.82 (0.36)
11.65 (1.50)
6.98 (0.90)
1.09 (0.14)
3.29 (0.43)
2.60 (0.34)
-1.74 (-0.22)
-7.76 (-1.00)
-6.69 (-0.86)
39.80 (5.14) 139.08 (17.95) 86.77 (11.20)
-2.73 (-0.35)
-8.42 (-1.09)
-3.78 (-0.49)

208.10 (26.85)
2.05 (0.26)
16.15 (2.08)
2.45 (0.32)
-28.42 (-3.67)
73.36 (9.47)
15.36 (1.98)

Note: to calculate parents’ willingness to pay for school attributes, I first calculate the total derivative of the parent’s utility function. Then, the willingness to pay is given by the amount of money parents are willing to pay for a change in one school
attribute.
Significant levels: *** at 1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Table 4.13: SMT parents’ compensation in both monetary and school quality terms for attending
their nearest rural school

Department
Sololá
Alta Verapaz
Quiché
Totonicapán
Huehuetenango
Chimaltenango

Diﬀerence in
parents’ utilities (+)
6.674***
0.637
2.715***
0.433
0.651
1.591***

Times to increment
Monthly payment in
rural school quality in terms of
Q (USD)
Infrastructure
Courses
477.66 (61.63)
4.06
30.99
45.60 (5.88)
0.38
3.69
194.34 (25.08)
1.58
21.77
30.97 (4.00)
0.25
5.58
46.59 (6.01)
0.37
18.49
113.86 (14.69)
0.88
68.26

Note: Spanish mother tongue (SMT) stands for students’ self-report of having or that their parents have Spanish as a first language . Non-SMT students
speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. The third column represents the SMT parents’ average monthly
payment to select the nearest rural school conditional on a school’ share of non-SMT parents higher or equal to 0.35. The fourth column indicate the increase
on the rural school infrastructure relative to a school with an average quality. The last column has the same interpretation as the third one, but with the
classroom index.
(+) The first column shows the diﬀerence in SMT parents’ utilities for considering their child’s urban school enrollment relative to the closest rural school.
Source: Author’s calculation using the Ministry of Education’s 2013 data.

Table 4.14: Eﬀects of the Guatemalan civil war on the diﬀerence of non-SMT households’ departmental demand elasticities for schools where parents have a similar mother tongue
Ln(Victims per 1000 population)
Ln(Illiteracy in 1973)
Ln(Gini coeﬃcient in 2013)
Ln(Poverty index UNDP)
Dummy variable
Constant
R2
Observations

(1)
0.136**

3.459***
0.188
22

(2)
0.118**
5.434***

(3)
0.119**
1.028
5.117***

0.985
14.486***

0.748
15.333***

0.549
21

0.557
21

(4)
0.097*
5.532*
4.523***
3.722*
0.736
17.676***
0.617
21

Note: Spanish mother tongue (SMT) stands for students’ self-report of having or that their parents have Spanish as a first language . NonSMT students speak either one of the Mayan languages, or Xinka or Garífuna languages as a first language. The dependent variable is the
diﬀerence of non-SMT households’ departamental demand elasticities (shadow area in Figure 1). The variables victims per 1000 population,
Illiteracy in 1973, and the dummy variable’s specification are the ones employed by Chamarbargala and Moran (2012). The dummy variable
takes a value of one for the departments that experienced the worst period of the civil war as in Chamarbargala and Moran (2012). The
Gini index in 2011 is calculated by Instituto Nacional de Estadistica de Guatemala while the proverty index is calculated by United Nations
Development Program. The Gini index is not calculated for the Guatemalan department. Significant levels: *** at 1%, ** at 5%, and * at
10%. Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Figure 4.1: Departmental demand elasticity for schools where parents have a non-Spanish mother
tongue by number of non-SMT parents at home
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Figure 4.2: Non-SMT parents’ departmental demand elasticity for schools where parents have a
similar mother tongue by mother tongue preference
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Appendix

Model for school progression
The model for students’ selection of school progression is the following:
student
in
8
>
>
>
<1

i
period
1

observed
t
r
yi,t

=

r
ys,t
1 +
1
r
r
ys,t
4 yi,t 1
1

2

m
yi,t

m
yi,t
1
>
+
P
arentsM
axGrade
4
t
>
>
:
0 Otherwise

if

+

1

m
ys,t

m
ys,t
1
1 + ✏i,t

1

>0

The inclusion of the parents’ educational attainment is to control for those who had
scores higher than the schools’ thresholds, but not observed after one period.
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Table A.1: Logit model for students’ grade progression

Scores
r
yi,t
1
m
yi,t
1
r
yi,t
1

Coef.
r
ys,t
m
ys,t
r
ys,t

0.106***
0.280***
0.072***

1
1
1

m
yi,t

1

m
ys,t

1

Parents’ educational attainment in t
Mother
Elementary
Junior high
High school
Undergrad
College

1
0.149***
0.558***
0.231***
0.448***
1.286***

Father
Elementary
Junior high
High school
Undergrad
College

0.244***
0.590***
0.042
0.253***
0.899**

Constant

-0.321***

Note: The dependent variable in the logit model takes a value of one if students
attend school at time t, and zero otherwise. The variable, yi , stands for students’
test scores. These students are those who can be followed over grades. The
superscripts m or r stand for reading and math respectively. The variable, ys ,
stands the average test score at school s. These average test scores are calculated
using all junior high and high school students. Significant levels: *** at 1%,
** at 5%, and * at 10%. Source: Author’s calculation using the Ministry of
Education’s 2010, 2013 and 2015 data.

Frequency of propensity scores by treatment status
Figure A.1: Frequency of propensity scores by treatment status
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Note: Treated stands for students’ self-evaluation of not being proficient in Spanish.
The propensity score gives the probability of not being proficient in Spanish.
Source: Author’s calculation using the Ministry of education’s data.
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Appendix B
Fourth chapter’s appendix
B.1

Appendix

Principal component analysis
The dataset used in this document was collected from the Ministry of Education of Guatemala
in 2013 by surveying schools’ principals. The dataset contains a rich set of school variables
to control for in the baseline specification. This includes data about infrastructure and principals’ educational attainment for instance. Controlling for many variables will dramatically
increase the computational burden; therefore, I employ a data reduction by principal component analysis (PCA) and employ the first component or index in the model estimation. I
group school variables to construct six quality indices: teachers, courses, classroom, infrastructure, discipline, and distraction. See next table for a detailed description of the variables
included in each index and for the proportion of variance that explains each index.
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Table B.1: School variables for school quality indices
Variables

First component
Eigenvalue
Proportion of variance

Teacher

Discipline

Infrastructure

Classes

Distraction

Courses

Teacher’s reading performance
Reading test frequency
Ilumination
Reading classes per week
Interior noise
Laboratory computation
Teacher’s math training
Math test frequency
Ventilation
Math classes per week
Exterior noise
English
Train teachers due to previous results Share test score with students
Electricity at school
Time per class
Classroom is hot Library
Share test scores with teachers
Share test score with parents
Water service (pipeline) Use support material from Mineduc
Classroom is cold
Principal’s interaction with teachers Basketball field
Use previous national test
Pollution
Principal’s interaction with students Volleyball field
Improve reading class due to previous test scores
Principal’s interaction with parents Football field
Improve math class due to previous test scores
Principal’s frequency of supervision Swimming pool
Roof infrastructure
Floor infrastructure
Wall infrastructure
Number of toilets
Number of handwashers
Number of urinals
Typing room
1.77637
0.9688

2.70614
0.5697

5.07096
0.4609

1.96463
0.5867

2.15729
1.1717

2.01027
0.8731

Note: All categorical variables are ordered in such a way that a higher value of the index represents a better school quality.
Source: Author’s calculation using the Ministry of Education’s 2013 data.
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Family income and school fees
An important drawback in this dataset is that, while parents’ education attainment is observed, family income is not.
To overcome this, I employ the 2014 Guatemalan national survey to construct a family income variable as a function of
education attainment. Specifically, I regress log(wage) on the mother’s educational attainment, departmental dummies,
and a rural area dummy. With the estimates of this regression, I employ the same variables, using the dataset in this
document, to construct the mother’s expected wage. I replicate this procedure for the father’s expected wage. Finally, the
expected family income is the sum of the mother and father’s expected wages. I employ the same procedure to obtain an
amount paid by parents at each private school. Then the private school fees are just the mean of the parents’ payments
at each school.1

1

This mean of household payments includes all households at each school, and not only those households that the estimation employs.

Table B.2: Wage equations for Fathers and Mothers
Father
Years of education
Six
0.284***
Nine
0.600***
Twelve
0.730***
Eighteen
1.080***
Twenty
1.428***

Mother
0.264***
0.490***
0.744***
0.768***
2.193***

Note: The dependent variable is the logarithmic transformation of wages
reported in the Guatemala’s 2014 national survey. Both equations include
departmental and rural area dummy variables. Significant levels: *** at
1%, ** at 5%, and * at 10%.
Source: Author’s calculation using the Guatemala’s 2014 national survey.

Table B.3: Parents’ school fees
Variables
Private school
Municipal school
Cooperative school
Log(family income)

Coef.
9.423***
8.386***
8.303***
0.460***

Note: The dependent variable is the parents payment
at school reported in the Guatemala’s 2014 national
survey. The equation includes departmental and rural
area dummy variables. Significant levels: *** at 1%,
** at 5%, and * at 10%.
Source: Author’s calculation using the Guatemala’s
2014 national survey.
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